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ABSTRACT
The promising potential of wind energy as a source for carbon-free electricity is still hampered
by the uncertainty and limited predictability of the wind resource. The overarching theme of this
dissertation is to leverage the advancements in statistical learning for developing a set of physics-
informed statistical methods that can enrich our understanding of local wind dynamics, enhance
our predictions of the wind resource and associated power, and ultimately assist in making better
operational decisions. At the heart of the methods proposed in this dissertation, the wind field is
modeled as a stochastic spatio-temporal process. Specifically, two sets of methods are presented.
The first set of methods is concerned with the statistical modeling and analysis of the transport
effect of wind—a physical property related to the prevailing flow of wind in a certain dominant di-
rection. To unearth the influence of the transport effect, a statistical tool called the spatio-temporal
lens is proposed for understanding the complex spatio-temporal correlations and interactions in
local wind fields. Motivated by the findings of the spatio-temporal lens, a statistical model is
proposed, which takes into account the transport effect in local wind fields by characterizing the
spatial and temporal dependence in tandem. Substantial improvements in the accuracy of wind
speed and power forecasts are achieved relative to several existing data-driven approaches.
The second part of this dissertation comprises the development of an advanced spatio-temporal
statistical model, called the calibrated regime-switching model. The proposed model captures the
regime-switching dynamics in wind behavior, which are often reflected in sudden power generation
ramps. Tested on 11 months of data, double-digit improvements in the accuracy of wind speed and
power forecasts are achieved relative to six approaches in the wind forecasting literature.
This dissertation contributes to both methodology development and wind energy applications.
From a methodological point of view, the contributions are relevant to the literatures on spatio-
temporal statistical learning and regime-switching modeling. On the application front, these method-
ological innovations can minimize the uncertainty associated with the large-scale integration of
wind energy in power systems, thus, ultimately boosting the economic outlook of wind energy.
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1. INTRODUCTION AND LITERATURE REVIEW
1.1 Motivation
In its aspiration towards a cleaner, more sustainable future, the U.S. Department of Energy
(DOE) has proposed an ambitious plan to fulfill 35% of the total U.S. electricity demand through
wind energy by the year 2050 [22]. Despite the abundant wind resource in the United States, the
promising potential of wind energy is still hampered by serious technical and scientific challenges
that remain to be resolved in order to reach the 35%-by-2050 goal. Among which, the variable and
intermittent nature of the wind resource stands as a major challenge that hinders the large-scale
integration of wind energy in modern-day power grids. Unlike conventional generators, wind
power cannot be produced at will. In contrast, it is almost fully dependent on the state of the
wind resource at the generation site, and exhibits sizeable variations at a multitude of spatial and
temporal resolutions.
This stochastic characteristic of the wind resource makes the operational activities in a power
grid with sizeable wind energy penetration heavily reliant on accurate predictions of the wind re-
source and associated power generation. Examples of these operational activities are numerous at
different spatial and temporal scales. At the turbine level, for instance, the wind farm operator is
tasked to find the optimal turbine-specific pitch and yaw settings, in a near real-time fashion, to
maximize the turbine’s production while preserving its safety against extreme weather conditions;
a problem known in the wind industry as predictive turbine control [74]. At the farm level, the
optimal hourly market participation needs to be pre-determined for up to a day-ahead with the
ultimate objective of maximizing operational profits [66]. At the grid level, power system opera-
tors have to quantify the optimal hourly reserve capacities to ensure cost-efficient supply-demand
planning [82]. The quality of these operational activities obviously rely on accurate predictions
of wind speed, wind direction or wind power, issued at the proper spatial and temporal scales at
which actions need to be taken.
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It therefore comes as no suprise that improvements in predicting the wind resource and associ-
ated power production, translate to better, more cost-efficient operational decisions. A 2011 study
suggested that a 20% improvement in the accuracy of wind generation forecasts, at a wind energy
penetration level of 24%—which is still lower than the DOE’s 35%-by-2050 goal—can generate
up to almost $975M of annual operating cost savings in the U.S. [56]. This economic impact
calls upon capable predictive models that can accurately describe and forecast the wind resource
and wind power production at a multitude of spatial and temporal scales, and this is, in fact, the
overarching theme of this dissertation.
1.2 Statistical versus physics-based approaches for wind forecasting
Generally speaking, wind forecasting models can be classified into “statistical” and “physics-
based” models. The statistical approach uses the data collected in wind farms to construct a data-
driven model that can extrapolate the historical trends, patterns and correlations to the near or
distant future. On the other hand, physics-based approaches, also referred to as Numerical Weather
Prediction (NWP), numerically solve a system of discretized differential conservation equations
of mass, momentum, and energy in the atmosphere, and forecast wind speed or other weather
conditions based on the solution of the physical equations. Oftentimes, a finer resolution “meso-
scale” model is nested within a large-scale NWP in order to capture the wind dynamics within a
finer spatial resolution. The meso-scale model takes the outputs of an NWP as input, and makes a
forecast of the wind velocity vector, or equivalently the wind speed and wind direction, at a time
horizon in the future [54].
The dominating consensus in the wind forecasting practice is that statistical models are often
preferred over their physics-based counterparts for shorter temporal horizons and finer spatial res-
olutions. In the literature, a precise threshold between what constitutes a “short” temporal horizon
does not appear to exist, but in one of the widely cited survey papers on wind forecasting, a 6-hour
temporal range was identified as the horizon after which physics-based models tend to outperform
statistical models [31]. In other studies, the envelope was pushed to as much as a day ahead [86].
There is also a “gray” area in between where a combination of statistical and physics-based models
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may be favorable [80].
The reason why physics-based models at finer spatial and temporal resolutions are less fa-
vorable compared to the statistical models is primarily caused by their high computational cost
and complexity. Physics-based models depend on a discretization of the spatial domain. Theo-
retically, the grid size can be made finer but at the expense of slower computation, resulting in
a coarser temporal resolution. NWPs are typically deterministic, and hence, multiple runs have
to be conducted with different initial conditions, in order to produce an ensembled forecast, for
better forecast accuracy as well as uncertainty quantification; doing so undoubtedly slows down
NWP even further. Running NWPs also needs many physical measurements to identify boundary
conditions for solving the differential equations, but those measurements may not be available at
the finer spatial resolution. The limitations listed above raise the need for statistical, data-driven
models and methods to complement NWP models.
This dissertation falls under the umbrella of statistical approaches described above. But the
set of methods developed herein are not purely “data-driven.” Instead, the construction of the
models in this dissertation is guided by the physical features unique to wind fields, and should
thus be better described as “physics-informed” statistical methods. One main conclusion of this
dissertation is that a physically guided approach in the statistical modeling of wind dynamics yields
substantial improvements in the predictive and explanatory power relative to the purely data-driven
approaches which are indifferent to the physical properties of wind fields.
The proposed statistical models in this dissertation are intended to describe wind dynamics
and power generation at relatively fine spatial and temporal resolutions. Specifically, the models
developed herein are concerned with a temporal resolution that is as short as one hour but up to
12 hours in the future, and a spatial resolution designated by specific turbine locations on a wind
farm. It is worth noting that time horizons, as short as few hours ahead do play an important role
in wind farm operations such as turbine control, scheduling transmission and dispatch [40].
In addition, the term “local” is used in this dissertation, following the terminology in [69],
to differentiate the within-farm wind field, studied here, from large-scale wind fields that have
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long been studied in the geostatistical and atmospheric science literature in which the wind travels
across substantial distances [39].
It is also important to highlight that the methods developed in this dissertation issue turbine-
specific, rather than farm-level forecasts. Recently, several research studies highlighted the need
for the former to replace the latter [53, 61, 69]. This is due to the fact that many wind farm op-
erations are carried out at the turbine level and would naturally require turbine-specific forecasts,
including predictive turbine control [74], turbine-specific power estimation [9, 55], wake propaga-
tion prediction [85, 45] and repair decisions for wind turbines [13, 14]. Moreover, turbine-specific
forecasts can be easily transformed to the farm-level estimates either by spatial averaging (for wind
speed) or by aggregation (for wind power), while the converse is generally not true.
To conclude this Section, I re-iterate the scope and contributions of this dissertation in light
of the definitions and clarifications introduced above. The goal of this dissertation is to propose a
set of physics-informed statistical methods that will be used to make accurate short-term, turbine-
specific forecasts of the wind speed and wind power. The value of these forecasts stems from their
potential contribution towards better, more cost-efficient operational activities at the turbine, farm,
and grid levels, thus eventually boosting the economic outlook of wind energy. The scope of this
dissertation is closely related to the field of spatio-temporal modeling, since the wind field, in all
of the proposed methods, is modeled as a stochastic spatio-temporal process. Therefore, a detailed
overview on spatio-temporal modeling is presented in Section 1.3 to highlight the research gaps
and motivations of the methods proposed in Sections 2 and 3 of this dissertation.
This dissertation also contributes towards the methodology of wind forecasting by constructing
statistical models that can account for salient physical properties of wind fields such as the transport
effect of wind and the regime-switching dynamics. For the transport effect, a nonseparable spatio-
temporal model is proposed, which—as the name implies—characterizes the spatial and temporal
dependence structure in tandem, rather than separately as traditionally performed in the literature.
For the regime-switching aspect, a calibration formulation is proposed, which makes use of a
runlength variable as an informative proxy to anticipate, rather than retrospectively detect, the out-
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of-sample changes in wind behavior. In light of that, Sections 1.3 and 1.4 present an overview on
nonseparable spatio-temporal models and regime-switching methods, respectively, in an attempt
to pave the way for the methodological contributions of this dissertation, for which the details will
be unraveled in Sections 2 and 3.
1.3 Spatio-temporal modeling and covariance functions
Many real-world processes evolve over both space and time. Environmental and geophysical
processes such as atmospheric flow, pollutants’ concentrations, large-scale wind and water fields
have long been regarded in the geostatistical literature as typical examples of spatio-temporal pro-
cesses [18, 29, 49]. More recently, several engineering applications, outside these typical fields,
have also been studied in a spatio-temporal context [58, 59]. Here, the general background re-
lated to spatio-temporal modeling and analysis, and its relevance to wind energy applications, is
reviewed.
At the heart of spatio-temporal modeling is the concept of spatio-temporal dependence. Take
the wind speed on a wind farm as an example. It is reasonable to expect that the wind speeds
observed at two neighboring turbines would be similar to each other, since spatially close turbines
are often subject to similar wind characteristics. This is referred to as spatial correlation. Figure
1.1 presents the evolution of hourly wind speeds as recorded at two neighboring wind turbines
on an onshore wind farm in the United States for a span of 24 hours. The spatial correlation is
manifested in the similarity between the two time series shown in Figure 1.1. On the other hand,
the wind speeds recorded at the present time are expected to look more similar to those observed
in temporal vicinity, too, say, to what was observed one hour ago, than to those observed several
hours ago, and this is referred to as temporal correlation, and can be characterized by the degree
of autocorrelation of different time lags of a single time series. Generally speaking, observations
that are close to one another in space and/or time are more likely to be similar to each other than
to those that are spatially or temporally apart. In Section 3 of this dissertation, we present an
empirical analysis of the spatio-temporal dependencies in local wind fields.
To start, let us define some important notations. Let Yi refer to the wind speed as observed at a
5
5 10 15 20
0
5
10
15
Time (Hours)
W
in
d 
Sp
ee
d 
(m
/s)
Figure 1.1: Hourly wind speeds as recorded at two neighboring wind turbines on an onshore wind
farm in the United States over the span of 24 hours.
particular wind turbine, with i = 1, ..., n, where n is the total number of wind turbines on the wind
farm. The turbine locations are denoted by [s1, . . . , sn]T such that si ∈ R2, i = 1, ..., n, is a pair
of longitude and latitude coordinates over the landscape. The goal of spatial modeling is to build
a statistical model that can take as input an n-dimensional vector of wind speed measurements
corresponding to the n turbine locations, denoted by Y = [Y1, . . . , Yn]T , and find a best-fitting
conditional distribution for the wind speed at any arbitrary location s∗. A point prediction can thus
be made out of the conditional distribution, and is denoted by Yˆi∗ .
A popular approach in the geostatistical literature for spatial modeling is the Gaussian Random
Field (GRF), also known as a Gaussian Process (GP). GRFs or GPs are one of the most commonly
used methods in the geostatistical community to model a wide variety of geophysical and environ-
mental applications. The pillar assumption in GRF models is that the joint distribution of any finite
set of inputs follows a multivariate Gaussian distribution. Under this assumption, a GRF model is
6
defined by a mean structure µ(·), a stochastic process term η(·), and a noise term , as in (1.1).
Yi = µi + ηi + i i = 1, . . . , n. (1.1)
The mean structure can be either expressed as a constant, that is µi = µ ∀i, or a paramet-
ric function of the spatial coordinates stored in si and/or other pre-specified exogenous covari-
ates stored in xi that are thought to capture the overall trend of the response. If µi is chosen to
have a functional form of si and xi, then we would have µi = fT (si,xi)β , where f(si,xi) =
[f1(si,xi), . . . , f`(si,xi)]
T is an ` × 1 vector of known regression functions, and β = [β1, ..., β`]T
is the `× 1 vector of corresponding unknown regression coefficients.
The term η(·) is assumed to be a zero mean Gaussian process with its pairwise covariance
denoted by σij , where σij = Cov{ηi, ηj}, i = 1, . . . , n, and j = 1, . . . , n. The term (·) is the zero
mean, i.i.d Gaussian noise, such that  ∼ N (0, δI), where  = [1, . . . , n]T , I is the n× 1 identity
matrix and δ > 0 denotes the noise variance, also known in the spatial statistics literature as the
nugget effect. Let us use Σ to denote the resulting n × n covariance matrix whose (i, j)-th entry
is defined as σij + δ1{i=j}. Under this setting and for the set of input locations [s1, . . . , sn]T , and
the set of input covariates [x1, . . . ,xn]T , the corresponding output is multivariate normal, that is,
Y ∼ N (Fβ,Σ), where F is the n × ` matrix of covariate values such that its (i, j)-th element is
fj(si,xi), i = 1, . . . , n, and j = 1, . . . , `.
A key issue in fitting GRFs is to determine the entries of the covariance matrix Σ, which can
be in turn dictated through the choice of a suitable parametric covariance function denoted by
K(·, ·; Φ), where Φ represents a set of covariance parameters, also known as hyperparameters. By
assuming stationarity, the covariance function, only depends on the spatial lag, u = si− si′ , and as
such, the expression of the original covariance function can be simplified as a single input function,
K(u; Φ), which is used to map u ∈ R2 to R. Intuitively speaking, the stationary covariance
structure K(·) defines a measure of similarity between a pair of spatial data points Yi and Yi′
located at si and si′ , respectively, and the similarity solely depends on their spatial lag u = si− si′ ,
7
rather than the specific location of si or si′ . The farther si is from si′ , the smaller the value of K(·)
should be. If the covariance functionK(·) is further assumed to be isotropic, it only depends on the
Euclidean distance between a pair of locations, i.e. ||u||, and is thus invariant to both translation
and rotation. Obviously, the class of isotropic covariance functions is a subset of the class of
stationary covariance functions.
In the past two decades, geostatisticians have derived numerous stationary covariance func-
tions [70]. Examples of stationary parametric covariance functions include but are not limited to
the squared exponential and the Matérn covariance functions [70]. We here present the Matérn
covariance function due to its popularity and because many covariance functions are special cases
of it. For more details about covariance functions, please refer to the classical texts [70, 19].
The spatial Matérn covariance function is defined as in (1.2).
K(u) = α
21−ν
Γ(ν)
(√2ν||u||
`
)νKν(√2ν||u||
`
), (1.2)
where || · || is the Euclidean norm, Kν is the modified Bessel function, α > 0 denotes the sill or
marginal variance, ν > 0 denotes the smoothness, and ` represents the scale parameter which is the
spatial range until which the spatial correlation has non-trivial effect. Combining the parameters
in (1.2) with the noise variance δ, the set of hyperparameters needed to compute the entries of Σ
can be denoted by Φ = {α, ν, `, δ}.
In GRFs, the vector of hyperparameters Φ is often estimated, in conjunction with the vector of
regression coefficients β , in a data-driven way through a maximum likelihood estimation (MLE)
by solving the optimization problem in (1.3).
(Φˆ, βˆ) = argmax
Φ,β
{− ln(|Σ|)− (Y − Fβ)TΣ−1(Y − Fβ)} , (1.3)
where Φˆ and βˆ contain the MLE estimates for Φ, and β , respectively. The right hand side in (1.3)
is proportional to the logarithm of the likelihood for a GRF. In practice, the optimization problem
in (1.3) is numerically solved using gradient descent-based methods, commonly implemented by
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using the routine nlm in R. One possible approach is to perform the parameter estimation itera-
tively, where, at every step of the estimation procedure, new values for the hyperparameters are
suggested, and then βˆ are computed using the generalized least squares estimator (GLS) for β ,
which is expressed in (1.4). Then, the log likelihood is computed, up to a constant, by plugging in
the values of the hyperparameters and GLS coefficients in (1.3). The procedure is repeated until
convergence to a local minima.
βˆ = (FTΣˆ
−1
F)−1FTΣˆ
−1
Y. (1.4)
Given the estimated values for the hyperparameters and regression coefficients, one can obtain
a point prediction, also known as a kriging-based prediction, at any arbitrary location s∗ as in (1.5).
Such kriging-based estimate is known to be a Best Linear Unbiased Predictor (BLUP) [70].
Yˆi∗ = E{Yi∗|Y} = fT (s∗,x∗)βˆ + kTΣˆ−1(Y − Fβˆ), (1.5)
where the n × 1 vector k contains the pairwise covariances between Y and Yi∗ computed using
K(·; Φˆ). In addition to the point prediction from (1.5), one can also obtain a measure of uncertainty
around the point prediction of (1.5), i.e. the point-wise predictive variance, as expressed in (1.6).
σˆ2i∗ = Var{Yi∗ |Y} = K(0; Φˆ)−kT Σˆ
−1
k+(fT (s∗,x∗)−kT Σˆ−1F)(FT Σˆ−1F)−1(fT (s∗,x∗)−kT Σˆ−1F)T .
(1.6)
With the predictive mean and predictive variance in place, a full characterization of the condi-
tional distribution of the forecast at s∗ is possible using the first two moments in (1.5) and (1.6),
respectively. This is attributed to the fact that the predictive distribution from a GRF is also Gaus-
sian. Such conditional distribution is important for subsequent decision-making under uncertainty,
like in several power grid operations, related to what is known in the forecasting literature as
“probabilistic” forecasting [66, 37].
Now, we are ready to make the transition from spatial modeling to spatio-temporal mod-
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eling. Considering a wind field that evolves over both space and time, spatio-temporal mod-
els are natural extensions of spatial models. Similar to the notation established for the spa-
tial models, we let Yi(j) denote the wind speed at the ith turbine, and jth time index, for i =
1, . . . , n, and j = 1, . . . , T hours. Hereinafter, we denote by j any arbitrary time index, while
by t we specifically mean the present time. The goal of spatio-temporal modeling is then to
build a model that takes as input the nT × 1 vector of spatio-temporal observations, correspond-
ing to n wind turbine locations [s1, . . . , sn]T and T time indices [1, . . . , T ]T , denoted by Y =
[Y1(1), · · · , YN(1), Y1(2), · · · , YN(2), · · · , YN(T ), · · · , YN(T )]T , and find the best-fitting condi-
tional distribution of the wind speed at any arbitrary location s∗, and future time index t+h, where
h ∈ Z+. The corresponding point prediction is denoted by Yˆi∗(t+ h).
Similar to what we established for spatial modeling, a parametric spatio-temporal covariance
function is denoted byK(·, ·, ·, ·) and is used to compute the entries of the nT×nT spatio-temporal
covariance matrix Σ. By assuming stationarity, the covariance function only depends on the spatial
and temporal lags, u and w, respectively, and as such, its expression is simplified as K(u, w). By
further imposing isotropy, the covariance function only depends on the Euclidean norms of the
spatial and temporal lags, i.e. ||u|| and ||w||, respectively.
Now, a lingering question to fully characterize the spatio-temporal model is how to define a
covariance function K(u, w) in a spatio-temporal setting. As mentioned before, in the spatial-
only setting, there exists several well-established valid covariance structures such as the Matérn
function of (1.2). In the spatio-temporal setting, however, defining a covariance function over both
space and time is not as straightforward. Oftentimes, a set of additional assumptions is imposed
to simplify the construction of the spatio-temporal covariance structure. Here, we discuss two
key assumptions that have been studied by the geostatistical research community in the past two
decades—the separability and symmetry assumptions.
A covariance structure is said to be separable if it factors into the product of purely spatial and
temporal components such that K(u, w) = Ks(u) · Kt(w). As such, one could independently
model the covariance structure across space and time through separate covariance functions. For
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instance, one could use a spatial Matérn for Ks(u) and a temporal Matérn for Kt(w), and the
product of these two valid positive-definite covariance functions indeed produces a valid positive-
definite covariance function [19]. Such approach is easy to implement and has notable compu-
tational benefits. The final spatio-temporal covariance matrix can be computed efficiently as the
Kronecker product of two smaller spatial and temporal covariance matrices, as expressed in (1.7).
ΣnT×nT = Σsn×n ⊗ΣtT×T , (1.7)
where ΣnT×nT , Σsn×n and Σ
t
T×T are the spatio-temporal, spatial and temporal covariance ma-
trices, respectively.
Despite the computational benefits and ease of implementation, separable models have limiting
modeling capabilities which do not always align with reality. By independently modeling the spa-
tial and temporal covariance structures, separability overlooks the interaction between the spatial
and temporal components and implies symmetry in the spatio-temporal covariance structure [19]. A
covariance structure is said to be symmetric ifK(u, w) = K(−u, w) = K(u,−w) = K(−u,−w)
[33]. In other words, the covariance between sites si and si′ at time indices j and j′, is the same as
that between si and si′ at time indices j′ and j. Mathematically, this implies a time-reversibility,
i.e. Cov{Yi(j), Yi′(j′)} = Cov{Yi(j′), Yi′(j)}. Separability implies symmetry, but the converse
cannot be guaranteed [36].
The limiting capabilities of separable models in capturing complex correlation patterns in real-
world processes motivated the geostatistical community in the past decade to establish classes of
nonseparable, but still symmetric, models [18, 33], as well as asymmetric nonseparable models
that can further account for the lack of spatio-temporal symmetry in geophysical processes [78,
65, 49, 36]. In fact, an important research area in the geostatistical literature is to devise statistical
tests for the hypotheses of separability and symmetry in spatio-temporal datasets [63, 78, 30, 57].
Section 2 of this dissertation explores the validity of the separability and symmetry assumptions in
light of the transport effect property in local wind fields on a farm, and consequently establishes a
physically justifiable spatio-temporal model.
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Once a parametric covariance functionK(u, w) is imposed, be it separable or not, the hyperpa-
rameters can be estimated using the MLE approach as in (1.3), and a point prediction Yˆi∗(t+h), as
well as its predictive variance σ2i∗(t+ h), at any location s
∗ and future time t+ h, can be obtained
in the same way as in (1.5) and (1.6). These two moments can be used in tandem to characterize
the conditional distribution of the forecast.
1.4 Regime-switching models for short-term wind forecasting
Statistical wind forecasting models can either be focused on wind speed or wind power pre-
diction. While there are pros and cons for each strategy, advantages of the former are represented
in the ability of obtaining forecasts of the wind resource, which are useful for an additional set of
operational analytics such as predictive turbine control [74] and predictive maintenance scheduling
in wind farms [13]. It is well established in the wind forecasting practice and literature that wind
speed forecasts can be readily converted to wind power estimates using power curves constructed
either using the industry standard binning method [46] or other advanced kernel-based approaches
[48, 55]. In the wind industry, a power curve refers to the relationship between wind speed and
wind power. In this dissertation, wind speed is the predictant of interest, but wind power forecasts
are also computed and evaluated.
Time-series modeling has been widely used in the short-term wind forecasting literature, in-
cluding the classical approaches such as the autoregressive (AR), autoregressive moving average
(ARMA), and vector autoregressive (VAR) models [12, 62, 24, 23], or more recently, machine
learning methods such as support vector machines and artificial neural networks [64, 8, 76, 73].
These methods generally rely on the idea of temporal dependence, where recent lagged values
of wind variables are assumed to be informative about incoming values in the near future. Be-
side temporal dependence, wind fields have been shown to exhibit strong signs of spatial depen-
dence [81, 32, 66]. As such, spatio-temporal models have been proposed for short-term forecast-
ing using the information from the lagged values at the target site as well as from neighboring
sites [6, 53, 79, 61, 23, 69]. The relatively newly discovered benefit of spatio-temporal approaches
is the reason behind our review of spatio-temporal modeling in Section 1.3.
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Recent studies have also shown that wind fields exhibit strong signs of nonstationarity [69, 83].
One common theme about the models presented in Section 1.3 is that they are all stationary, i.e.
they inherently assume stationarity in the process being modeled. In reality, however, the wind
behavior in local wind fields exhibit sizeable high-frequency changes [71, 25]. According to [66],
the variation in local wind conditions can be observed on multiple frequency ranges, among which
slow fluctuations (i.e. days) are driven by synoptic-scale weather variables, whereas higher fre-
quency variations (i.e. minutes to hours) occur due to a combination of interacting physical pro-
cesses that are difficult to individually pinpoint, yet their collective effect is often notable. In [69],
the detrimental effect of sudden high-frequency wind speed changes on the forecast accuracy of
their models is noted, indicating the need for more capable methods to capture these fluctuations.
Also, it is reported in [80] that classical statistical models are not powerful in dynamic environ-
ments with fast-changing winds, while in [79], the notable effect of evolving wind dynamics on
volatile power generation levels is pointed out.
Such nonstationarity in time, often referred to in the literature as the “regime-switching” nature
of wind, refers to the fluctuating nature of wind characteristics over a spectrum of physical states or
conditions. Motivated by the need to capture that physical feature, time-series and spatio-temporal
models that account for regime-switching dynamics have been recently proposed, yielding the
family of regime-switching methods.
The essence of these regime-switching methods is to fit statistical models that are conditioned
on a finite set of wind regimes or states, and produce regime-dependent forecasts. First, a number
of regimes is pre-defined and indexed from 1, ..., R, such that at any arbitrary time point j, the
wind regime information is denoted by r(j) ∈ {1, ..., R}. The model then uses a set of parame-
ters specific to each wind regime to produce regime-dependent forecasts. One such model is the
regime-switching autoregressive model of [88], which is presented in (1.8), where, according to
r(j), the wind speed at the ith turbine and time j, denoted by Yi(j), is modeled as an autoregres-
sive model of order p, AR(p), using a set of regime-dependent parameters [ar(j)0 , a
r(j)
1 , . . . , a
r(j)
p ]T .
Here, i(j) is a zero-mean normally distributed random variable whose variance can be regime-
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dependent as well. Also, the order of the autoregressive model can be regime-dependent. In other
words, p can be different across different regimes, and hence, can be replaced in the formulation
of (1.8) by pr(j) to reflect its dependency on the observed wind regime.
Yi(j) = a
r(j)
0 +
p∑
j′=1
a
r(j)
j′ Yi(j − j′) + i(j). (1.8)
Depending on how r(j) is defined, extensions of the model in (1.8) can be constructed lead-
ing to more sophisticated regime-switching models. For instance, a spatio-temporal extension to
the model in (1.8) has been proposed in [38] and can be expressed as in (1.9). The model uses
wind direction measurements at upstream locations to identify regime information in downstream
locations. In other words, specification of r(j) can be governed by the observed wind direction at
one of the upstream locations, determined using expert knowledge of the geographic region under
study.
Yi(j) = a
r(j)
0 +
n∑
i′=1
p∑
j′=1
a
r(j)
i′j′ Yi′(j − j′) + i(j), (1.9)
where Yi(j) is the wind speed at time j at location i, and n is the total number of spatial locations.
The model in (1.9) has been further generalized by introducing the wind direction as a circular
variable in the model formulation to relax the model’s dependence on arbitrary regime selections
[40]. Other variants of the regime-switching model in (1.8) used different environmental variables
other than wind speed, direction or power to define the regime variable r(j). For instance, lagged
measurements of temperature to determine r(j) have been previously used [71]. The use of lagged
values of precipitation as an indicator of regime information has also been recently reported [11].
One common limitation of the above regime-switching models is their inherent assumption that
the current regime, r(t), persists in the forecasting horizon, that is, r(t+ h) = r(t), h = 1, . . . , H .
To address this limitation, Markov-switching autoregressive (MSAR) models, and their general-
izations, Markov-switching vector autoregressive (MSVAR) models, have been proposed to allow
for regime switches in the forecast horizon. These models use a group of (vector) autoregressive
models similar to (1.8), but primarily differ from the above models by assuming that the switch
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between the regimes is triggered by a Markov chain, rather than via the lagged values of a specified
explanatory variable [68, 4, 66, 77].
For the MSAR model, a transition probability matrix, ΠR×R is constructed, for which the
entries pikk′ = Pr(r(j) = k′|r(j − 1) = k) can be estimated from a training dataset. Then, a set of
AR(p) models is trained using the historical data belonging to each regime. The final prediction at
time t+ h can then be the convex combination of the predictions from the set of R models, where
the combination coefficients correspond to the probability of reaching each regime at time t + h,
that is: Yˆi(t + h) =
∑R
k=1 Yˆ
k
i (t + h)Pr(r(t + h) = k), where Yˆ
k
i (t + h) is the prediction at the
ith turbine at time t + h obtained by fitting an AR(p) model to the data belonging to regime k,
and Pr(r(t + h) = k), k = 1, ..., R, denotes the probability of reaching regime k at time t + h.
The MSAR model obviously does not take into account spatial dependencies, and hence, it can
be fit to each wind turbine independently. Generalizing on MSAR is the MSVAR model which
further accounts for the spatial dependence and can be fit to a set of observations from a group of
neighboring turbines.
In Section 3 of this dissertation, a statistical forecasting model titled: “the calibrated regime-
switching (CRS) model” is proposed. The essence of the CRS model is to account for both in-
and out-of-sample regime switches by introducing a regime-specific calibration to the predictions
from a spatio-temporal model. This regime-specific calibration is modeled as a parametric function
of two elements that are shown to be able indicators of out-of-sample changes in wind behavior,
namely: the observed regime at the time of the forecast r(t), and a runlength variable, which is
defined as the time elapsed since the most recent regime change. Tested on 11 months of data in
a rolling forward forecasting fashion, the CRS approach yields substantial improvements over a
wide set of time-series, spatio-temporal, and regime-switching methods that are widely used in the
wind forecasting literature.
1.5 Wind farm data
The data in this study were collected at an onshore wind farm in the United States, located on a
relatively flat terrain over approximately 25×17 square kilometers (km2). Several treatments were
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Figure 1.2: Spatial map of the wind farm (coordinates shifted to maintain confidentiality). M:
meteorological masts located in the Northwest (NW), South (S), and Northeast (NE). T: Turbines
grouped according to their proximity to the nearest mast, whether NW, S, or NE.
carried out to preserve the data provider’s confidentiality, such as shifting the geographic coordi-
nates of the turbines by a constant, randomly selecting 200 turbines for analysis, and normalizing
wind power outputs to the range of [0, 1]. Two datasets are used throughout this dissertation and
are referred to as: Datasets 1 and 2, respectively. Dataset 1 comprises turbine-specific hourly mea-
surements of wind speeds recorded at the hub height of 80 meters. The longitudes and latitudes of
the wind turbines are also provided.
Dataset 2 contains measurements that come from three spatially distant meteorological masts
located in the northwestern, southern, and northeastern regions of the wind farm, respectively. It
consists of hourly measurements of wind speed and wind direction. The measurements are taken
at a height of 80 meters as well. The total number of observations in Dataset 1 is equal to 200
turbines× 24 hours× 365 days = 1, 752, 000 entries, while that in Dataset 2 is 3 masts× 24 hours
× 365 days = 26, 280 entries. The spatial map of the wind farm is presented in Figure 1.2.
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1.6 Forecast evaluation metrics
In this dissertation, multiple metrics are used to evaluate the quality of the forecasts generated
using the proposed methods. Among the widely used metrics in the forecasting literature are the
root mean squared error (RMSE) and the mean absolute error (MAE), which are defined as in
(1.10) and (1.11), respectively.
RMSE(h) =
√√√√ 1
L× n
L∑
`=1
n∑
i=1
[
Yˆ `i (t+ h)− Y `i (t+ h)
]2
, (1.10)
MAE(h) =
1
L× n
L∑
`=1
n∑
i=1
|Yˆ `i (t+ h)− Y `i (t+ h)|, (1.11)
where L is the number of forecasting rolls, ` ∈ {1, . . . , L} is the roll index, n is the number of
spatial locations or wind turbines, Y `i (t + h) and Yˆ
`
i (t + h) are, respectively, the observation and
point forecast (from any of the proposed methods) at the i-th location and the h-th horizon during
the `-th forecasting roll. For each forecasting horizon h = 1, ..., 12, the associated RMSE and
MAE metrics are computed over all turbines and forecasting rolls.
In addition to RMSE and MAE, it has been reported that, in deregulated electricity markets,
under-estimating power is often a more costly situation than over-estimating it [67]. To reflect this
cost trade-off, the power curve error (PCE), which is an asymmetric error loss, has been proposed,
as expressed in (1.12), to evaluate the power forecast [40].
PCE(P, Pˆ ) =

g
[
Pi(t+ h)− Pˆi(t+ h)
]
, if Yˆi(t+ h) ≤ Yi(t+ h)
(1− g)[Pˆi(t+ h)− Pi(t+ h)], if Yˆi(t+ h) > Yi(t+ h), (1.12)
where Pi(t+h) and Pˆi(t+h) are the normalized power observations and forecasts at t+h and the
i-th location, and g is the weight given to under-estimates, which is usually set at values higher than
0.5 to penalize under-estimates more than over-estimates. A value of g = 0.73 has been reported
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in the literature [67]. Under the asymmetric loss function of (1.12), it can be shown that the g-th
quantile of the predictive distribution is an optimal point forecast [35].
1.7 Organization of this dissertation
This dissertation proposes a set of physics-informed statistical models, tools and analytics that
are intended to capture salient physical properties of wind fields: stochasticity, spatial and tem-
poral dependence, transport effect, and regime-switching dynamics, and is accordingly organized
as follows. Section 2 develops a statistical tool, called the spatio-temporal lens that unearths the
influence of the transport effect of wind on the spatio-temporal correlation structure in a local wind
field. Based on insights generated from the spatio-temporal lens, a physically justifiable asymmet-
ric nonseparable spatio-temporal model is proposed to capture the transport effect of wind. The
proposed model achieves promising improvements in predictive accuracy over a set of existing
forecasting approaches in the literature.
Section 3 develops an advanced statistical spatio-temporal model, called the “the calibrated
regime-switching model” to capture another important physical feature of wind fields: the regime-
switching dynamics. The essence of the model is to introduce a calibration formulation that makes
use of a runlength variable as an informative proxy for potential out-of-sample variations in the
wind behavior. Tested on a massive validation set of more than 3, 000, 000 data instances, substan-
tial improvements in wind speed and power forecasting accuracy are demonstrated over a wide set
of existing forecasting approaches in the literature including time-series based, spatio-temporal,
and regime-switching models.
Finally, Section 4 summarizes the key contributions and highlights potential extensions beyond
this dissertation.
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2. SPATIO-TEMPORAL ASYMMETRY OF LOCAL WIND FIELDS AND ITS IMPACT ON
SHORT-TERM WIND SPEED AND POWER FORECASTING ∗
The transport effect refers to the physical property pertaining to processes like wind in which
a prevailing flow exists over time in a certain dominant direction. In this Section, a statistical tool
called the spatio-temporal lens is proposed to unearth the influence of the transport effect of wind
on the complex spatio-temporal dependence structure in a local wind field. The implementation of
the spatio-temporal lens on one year of turbine-specific wind farm measurements suggests that the
transport effect of wind generates complex spatio-temporal interactions and correlation patterns
that are not captured by the widely used separable spatio-temporal models. Upon this revelation,
a question of interest is how to construct a physically justifiable spatio-temporal model which
does not overlook the influence of the transport effect of wind? Unlike separable models which
characterize the dependence structure over space and time independently, a spatio-temporal model
is proposed to capture the complex nonseparable spatio-temporal dependence in local wind fields,
owing to the transport effect of wind. Using the proposed model, substantial improvements in wind
speed and power forecast accuracy are demonstrated over existing data-driven approaches in the
wind forecasting literature.
2.1 Spatio-temporal asymmetry and the transport effect of wind
Unlike “static” processes, wind propagates along a dominant flow direction over time—it blows
from high- to low-pressure regions. This dynamic behavior is what is called in the atmospheric sci-
ence and geostatistical literature as the transport effect. One of the main limitations of the widely
used separable spatio-temporal models, which—as the name implies—separately characterize the
spatial and temporal dependence in a process, is their inability to account for the complex inter-
actions and correlation patterns that are attributed to the transport effect of wind. To elaborate,
let us first briefly re-iterate the definitions of separability and symmetry, which were introduced in
∗ c©[2018] IEEE. Reprinted, with permission, from [25].
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Section 1, as these definitions represent the basis for the subsequent analysis in this Section of the
dissertation.
A covariance structure is said to be separable if it factors into the product of purely spatial
and temporal components such that K(u, w) = Ks(u) · Kt(w), where u ∈ R2 and w ∈ R are
the spatial and temporal lags, respectively. Despite their computational benefits, separable models
have limiting modeling capabilities which seldom align with reality. For example, separability
overlooks the interaction between the spatial and temporal components and implies symmetry in
the spatio-temporal covariance structure [19]. A covariance structure is symmetric if K(u, w) =
K(−u, w) = K(u,−w) = K(−u,−w) [33]. Separability implies symmetry, but the converse
cannot be guaranteed [36]. That is, the class of separable spatio-temporal models is a subset of the
class of symmetric spatio-temporal models.
Due to their attractive computational properties, separable spatio-temporal models dominated
the geostatistical literature up to until the beginning of the 21st century [19]. In recent years, a
number of works have pointed out that symmetry is not a physically justifiable assumption for
large-scale atmospheric processes in which there is a transport effect, i.e. there exists a dominant
air or water flow over time, making the correlation in one direction often stronger than in other
directions [33, 81, 78, 36, 49, 17]. To illustrate, take an atmospheric process as an example,
where there is known, due to geographical expertise, that there exists an easterly atmospheric flow
between two measurement stations (air blows from east to west). Then, it is not reasonable to
assume that the covariance between the wind characteristics at the easterly station at a certain
time j denoted by Yi(j) and that at the westerly station after some time in the future denoted by
Yi′(j + h), is exactly the same as the covariance between the wind characteristics at the westerly
station at time j denoted by Yi′(j) and that at the easterly station in the future Yi(j + h), with
h ∈ Z+. As such, this assumption of symmetry should not be appropriate for a process that has a
prevailing flow over time.
The limiting capabilities of separable models in capturing the complex correlation patterns in
real-world processes motivated the geostatistical community in the past decade to establish classes
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of nonseparable, but still symmetric, models that capture spatio-temporal interactions [18, 33], as
well as asymmetric nonseparable models that, in addition to the interactions, account for the lack
of spatio-temporal symmetry [78, 65, 49, 36]. By establishing an analogy between the atmospheric
processes studied in the aforementioned literature and the wind field on a farm, one expects that the
lack of symmetry is extended to the farm-level wind dynamics, and thus, anticipates a successful
application of nonseparable asymmetric models in short-term wind forecasting. Our review of
the literature, however, has suggested the contrary—to the best of our knowledge, spatio-temporal
asymmetry has not been reported in wind energy applications [53, 61, 69].
Triggered by that observation, our goal is to explore the influence of the transport effect of
wind on the separability and symmetry of spatio-temporal dependence structure in the context
of a local wind field and the reasons behind its disregard in the related literature. Our analysis
indicates that a straightforward use of the year-long spatio-temporal data described in Section 1.5
would lead to the conclusion that local wind fields are approximately symmetric; a conclusion that
explains the widespread use of separable models. Our later findings suggest that this conclusion
is misleading because it overlooks the physical nature of local wind fields, where the local wind
dynamics take place on a much more granular scale compared to large-scale processes. In order to
see the fine-scale asymmetric patterns, unnoticed previously in the spatio-temporal data, we need
some magnifying mechanisms that look deeper into the spatial and temporal scales, analogous
to the use of optical lens for seeing tiny specimens and features transparent to naked eyes. The
magnifying mechanisms are pertinent to the data in space and time, thereby referred to as a pair
of “spatio-temporal lens.” Using the spatio-temporal lens, we conclude that, contrary to common
practice, substantial signs of asymmetry do exist in the wind farm data.
In light of these findings and making use of the devised spatio-temporal lens, a physically justi-
fiable asymmetric nonseparable model is proposed. Substantial improvements in forecast accuracy,
in terms of both wind speed and power, are achievable using the proposed model. When combined
with certain machine learning methods such as support vector machines, additional improvements
can be realized.
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2.2 Asymmetry detection and quantification
One active research area in the geostatistical literature is to develop statistical tests for certain
properties of covariance functions like separability and symmetry in the context of environmental
or geophysical applications [63, 78, 30, 57]. One approach is through an empirical method to quan-
tify asymmetry in terms of spatio-temporal semi-variogram, which is a negative-definite measure
of dissimilarity in geostatistics [78]. Specifically, the spatio-temporal empirical semi-variogram
between two locations si and si′ at time lag w is defined as:
g(si, si′ , w) =
1
2(T − w − 1)
T−w−1∑
j=1
{Yi(j + w)− Yi′(j)}2. (2.1)
Introduce two semi-variograms between si and si′: g(si, si′ , w) and g(si′ , si, w). Both of them
represent the dissimilarity between the two spatial sites, but g(si, si′ , w) means that measurements
taken at si′ are w time lag behind that at si, whereas g(si′ , si, w) means that measurements at si are
behind those at si′ . Assuming stationarity in space-time with a positive-definite covariance function
K(·, ·), then E[g(si, si′ , w) − g(si′ , si, w)] = K(si′ − si, w) −K(si − si′ , w). As such, when the
two semi-variogram quantities are the same, the wind field is said to be symmetric because their
expected difference, which is equal to the expected difference in covariances, is zero. But when
there is a dominant wind blowing from si towards si′ , the propagation of wind velocities from
si towards si′ should generate a positive value for the difference a(si, si′ , w) := g(si, si′ , w) −
g(si′ , si, w), indicating a lack of symmetry. In a more general sense, when there is a dominant
wind direction, denoted by d (in the above example, from si towards si′), a non-zero a(si, si′ , w)
exhibits itself as a positive value most of the time. In our research, we signify the dominant wind
direction through an extra input, i.e., a(si, si′ , w, d), and use it to detect the existence of asymmetry
in wind data and quantify its strength.
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2.2.1 Yearly Scenario
Here, we show the conclusion that would result when attempting to quantify asymmetry in
a local wind field by using the procedure outlined above which was designed for a large-scale
atmospheric process [78].
First, we fit a parametric diurnal trend for the wind speed data using least squares estimation.
Specifically, we use the diurnal trend function expressed in (2.2), originally proposed in [38], to
capture the global temporal variation in wind speeds. The fitted trend is then subtracted from the
actual wind speed data to get the residuals, which will be used in quantifying asymmetry.
f(t) = β0 + β1 sin
(2pit
24
)
+ β2 cos
(2pit
24
)
+ β3 sin
(4pit
24
)
+ β4 cos
(4pit
24
)
. (2.2)
For our wind data, the yearly average of wind direction is d¯ = 264.24◦ (where 0◦ represents
north), meaning that the average dominant wind on the wind farm is from west to east. In this
analysis, we rely on the wind direction data from one of the 3 masts in Figure 1.2. So, for every
pair of turbines i and i′ located at si and si′ such that si is west of si′ , we compute g(si, si′ , w) −
g(si′ , si, w) using the residuals in place of Y in (2.1). We repeat this computation for every pair of
turbines and for different time lags ranging from 0 to 24 hours. All of the computed quantities are
then transformed into the correlation scale. For the `-th pair of turbines, the resulting quantities at
each temporal lag w are the spatio-temporal asymmetry, denoted by a`(si, si′ , w, d¯).
Denote the collection of asymmetry values at each temporal lag byA(s, w) = {a`(si, sj, w)}L`=1,
whereL is the total number of turbine pairs, and its 50th percentile as A¯(s, w). Algorithm 1 summa-
rizes the asymmetry quantification procedure for the yearly scenario, and the results are displayed
in Figure 2.1 which shows the 25th, 50th and 75th percentiles of A(s, w) for w ∈ {0, . . . , 24} with
a 3-hour increment. All median asymmetry values in Figure 2.1 are slightly positive, indicating
a potential tendency towards asymmetric behavior. The largest median occurs at a temporal lag,
which we denote by w∗ = 12, and is approximately 0.024 on the correlation scale. To put this
value in the context, we note that an asymmetry value of 0.12 for asymmetric large-scale wind
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flow over Ireland was previously reported [33]. Similar figures are reported in [36], ranging be-
tween 0.04 to 0.14 and averaged at 0.11. As such, an asymmetry of 0.024 appears to be rather
weak to justify the existence of asymmetry in the local wind field. From a modeling perspective,
one would understandably trade such weak asymmetry for computational efficiency and simplicity
gained by the symmetry assumption. This conclusion explains the broad use of separable models
in the wind forecasting literature.
Algorithm 1 Asymmetry quantification for the yearly scenario
0. Compute the average wind direction d¯ for the whole year.
1. Find the dominant direction R(d), where R(d¯) ∈ {N, E, S, W}.
2. Fit the duirnal trend of (2.2) and use the residuals for asymmetry quantification.
3. Initialize the time lag w = 0.
repeat
4. Initialize the wind turbine index i = 1.
repeat
5. Determine the subset S(i, R(d¯)) of wind turbines that are considered downstream
with respect to i. For instance, if R(d¯) = W , then determine the subset of all wind turbines
that are east of turbine i.
6. Initialize the index i′ = 1.
repeat
7. Compute the quantities g1 := g(si, si′ , w) and g2 := g(si′ , si, w) using the residuals
in place of Y in (2.1), where si is the location of the ith wind turbine and si′ is the location
of the i′th turbine of the subset S(i, R(d¯)).
8. Compute the asymmetry a`(si, si′ , w) as the difference between g1 and g2, trans-
form into correlation scale by dividing by the variance, where ` denote the index of the
turbine pair.
9. Compute the distance in kilometers dist`(si, si′) between turbines i and j.
10. Update the index i′ = i′ + 1
until i′ = I + 1, such that I = |S|
11. Update the index i = i+ 1.
until i = n+ 1
12. Compute the 25th, 50th and 75th percentiles of A(s, w) = {a`(si, si′ , w)}`=1,...,L and
denote the 50th percentile as A¯(s, w).
13. Update w = w + 1.
until w > 24
14. Determine w∗ such that A¯(s, w∗) = max
1≤w≤24
{A¯(s, w)}.
15. Bin A(s, w∗) versus separating distances dist(s) = {dist`(si, si′)}`=1,...,L to get the
overall estimates of asymmetry level at varying separating distances.
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Figure 2.1: The 25th, 50th and 75th percentiles of asymmetry values A(s, w) versus different time
lags w. The time lag at which the maximal median asymmetry is realized is denoted by w∗.
Our hypothesis, however, is that the weak asymmetry in Figure 2.1 is due to the non-optimal
handling of wind farm data. In general, the common practice is to decompose data using regular
calendar periods, like a week, a month, or a year. The wind data is grouped for the whole year when
producing Figure 2.1. In a large-scale atmospheric process, a dominant wind can persist for a sus-
tained period of time and travel a substantial distance; these patterns can be pre-identified through
climatological expertise over a region of interest, and as such, regular calendar decompositions
appear to be a reasonable choice. For a local wind field, however, observational data suggest that
alternations in local winds occur at a relatively high rate, resulting in several distinct wind charac-
teristics at each wind alternation. In such setting, regular calendar periods rarely contain a single
dominant wind scenario; rather, they contain various dominant winds that create multiple asym-
metries having distinct directions and magnitudes. Consequently, aggregating the heterogeneous,
and perhaps opposite, asymmetries leads to an underestimation of the true asymmetry level.
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The physical differences between local wind fields and large-scale atmospheric processes re-
quire careful adjustments to the spatio-temporal resolution used to analyze wind measurements, in
order to reveal the underlying asymmetry pattern. We show next that upon implementing a pair of
spatio-temporal “lens” that unearth the fine-scale variations in local wind fields, strong degrees of
asymmetry are detected.
2.2.2 Spatio-temporal lens for asymmetry quantification
Here, a statistical tool, called “the spatio-temporal lens” is proposed to unearth the underlying
asymmetric behavior of local wind fields. The devised lens comprises two components: a temporal
adjustment and a spatial adjustment.
A. Temporal adjustment
For exploratory purposes, we start off with performing a series of arbitrary, calendar period-
based temporal decompositions. Specifically, we perform seasonal, monthly and weekly decom-
positions of the wind farm data and compute the asymmetry level in each sub-interval. Take the
seasonal decomposition as an example, the average wind direction is computed for the fall season
and is denoted by d¯1 and the asymmetry level between all pairs of turbines within that season is
computed at the time lag w∗1 that maximizes the median asymmetry level for the fall season, result-
ing in the vector {a`(si, si′ , w∗1, d¯1)}n1`=1. We repeat this process for the remaining three seasons,
resulting in the wind directions d¯ = {d¯1, d¯2, d¯3, d¯4}, the optimal time lags w∗ = {w∗1, w∗2, w∗3, w∗4}
and the corresponding asymmetry vectors. We then group the asymmetry values into three sub-
groups, corresponding to three distance ranges: 0-10 kilometers (km), 10-20 km, and 20-30 km.
The 25th, 50th and 75th percentiles of asymmetry values in each subgroup are then computed. Al-
gorithm 2 summarizes the procedure for the asymmetry quantification using arbitrary temporal
decompositions, and the results are displayed in Figure 2.2 which plots the 25th, 50th and 75th
percentiles of asymmetry values under each scenario versus the separating distances.
It is apparent that adjusting the temporal lens by which we search for the asymmetry to capture
the fine temporal details leads to estimates of stronger asymmetries. However, the adjustment
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Algorithm 2 Asymmetry quantification for arbitrary temporal decompositions
0. Decompose the year into P arbitrary intervals. For instance, P = 4 for seasonal decom-
positions.
1. Initialize the interval index p = 1.
repeat
2. Compute the average wind direction d¯p for the pth interval.
3. Define the dominant wind R(d¯p) correspondent to d¯p where R(d¯p) ∈ {N, E, S, W}.
4. Repeat the Steps 2-14 of Algorithm 1.
5. Update the interval index p = p + 1
until p = P + 1
6. Aggregate all the turbine pairs from all the sub-intervals into a single two-dimensional
dataset D = {d`, a`}`=1,...,L, where d` and a` denote the distance in kilometers and the asymme-
try in correlation between the `th pair of turbines.
7. Bin the asymmetry levels versus separating distances to get the overall estimate of asym-
metry at varying separating distances.
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Figure 2.2: The 25th, 50th and 75th percentiles of asymmetry values of temporal decompositions
versus separating distance in kilometers.
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based purely on calendar periods seems not effective enough, because the decomposition intervals
are created arbitrarily. If we can identify the time points when the dominant wind changes its
direction, say, from northerly to westerly, we can then isolate the time intervals in which a unique
dominant wind persists and consequently detect the underlying asymmetry in such intervals. We
call such intervals as the “prevailing periods.” This calls for the use of a change point detection
procedure.
In order to identify the change points of the wind direction over the year, a rolling binary
segmentation of a circular change point detection test is developed, which is a modified version of
the method described in [47]. Given hourly wind direction observations for one year, denoted by
d = {d1, d2, ..., dT}, where T is the total number of wind direction observations, we are interested
in detecting the intermediate points at which changes have occurred in the wind direction. We
assume that the wind direction variable d ∼ CN(µ, κ), i.e. it follows a von Mises, or circular
normal distribution with parameters 0 ≤ µ < 2pi and κ ≥ 0 as the mean and concentration
parameters, respectively. The von Mises distribution can be expressed as in (2.3).
f(d, µ, κ) =
1
2piI0(κ)
exp
{
κ cos (d− µ)
}
, 0 ≤ d < 2pi, (2.3)
where I0(κ) is the modified Bessel function of the first kind and order zero. The choice of the
distributional form is motivated by the fact that wind direction is a circular variable and the von
Mises distribution can characterize its directionality [60].
The parameter vector for the change detection test would be {ω, µ1, µ2, κ}, where ω is the index
of the change point to be detected, µ1 and µ2 are the means of the before and after subsequences
and κ is the concentration parameter. Specifically, the null hypothesis for this change point test is
that H0 : ω = T indicating no change versus H1 : 1 ≤ ω ≤ T − 1 indicating a change occurring
at the ωth observation. The generalized likelihood ratio method is used to conduct the test, where
H0 is rejected whenever λω > c such that λω = sup
j∈{1,...,T}
(Q1j + Q2j) − Q where Q, Q1j and Q2j
denote the resultant lengths for the sequence and the resulting subsequences, respectively, and c
is a critical cut-off value determined by the prescribed significance level; for more details, please
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refer to [47]. Because the test has no simple known distributional form, we resort to Monte Carlo
simulation in order to determine the 95th cut-off value which will be used in this test. In the Monte
Carlo simulation, we initially tried a run size of 10,000 runs, but it turned out that the results are
only trivially different from that obtained at a run size of 1, 000 runs.
Since we are searching for an unknown number of potential change points, a common approach
is to implement a binary segmentation algorithm, where the most significant change point in the
whole dataset is detected, then the next significant change point is searched for in the resulting
subsequences before and after the already-detected change point. For more details about binary
segmentation, please refer to [28]. Since we are expecting change points to occur on a fine temporal
resolution in local wind fields, we implement a one-month rolling binary segmentation, in which
the first month of data is analyzed separately and then the period of interest is shifted by one month
from the last change point detected in the first month for the next round of detection. The overall
procedure of the rolling binary segmentation is described in Algorithm 3. In doing so, we make
use of the R packages circular and changepoint [2, 52].
The top panel of Figure 2.3 shows the detected change points for the first two weeks of data.
The bottom panel of Figure 2.3 shows the distribution of the length of the prevailing periods.
The results show that, on average, a dominant wind direction lasts for 3.04 days with a standard
deviation of 2.46 days. For 50% of the prevailing periods, the wind direction alternated in less
than 2.27 days. The maximum interval of time in which a dominant wind direction is found to
be persistent is 15.5 days, while the shortest prevailing period’s length is found to be 6 hours.
A total of 119 change points are detected in the yearlong wind data, leading to 120 prevailing
periods identified over the year. These statistics indicate the fine temporal scale at which wind
dynamics take place, resulting in a dynamic alternation of dominant winds over time. Quantifying
asymmetry for individual prevailing periods would capture the lack of symmetry associated with
each distinct dominant wind, and hence, provide reliable asymmetry estimates.
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Algorithm 3 Rolling binary segmentation for circular change point detection.
0. Input the wind direction vector d of size T .
1. Select the first 1-month of data denoted by d(1) such that |d(1)| = 24 × 30 = 720 data
points.
2. Let z = 1, where z is the month index.
repeat
3. Compute the MLE estimate for the concentration parameter associated with d(z) and
denote it by κˆ.
4. Set i = 1.
repeat
5. Simulate a sample dsi of 720 values from a von Mises distribution with mean zero
and concentration parameter κˆ.
6. Determine the resultant length Ri of sample dsi .
until i = 1000
7. Determine the 95th percentile of the vector {Ri}1000i=1 and use it as a cut-off value for the
hypothesis test.
8. Detect the index of the most significant change point ω and divide the sequence into
two subsequences using ω as the separating point.
9. Set j = 1
repeat
10. For the jth subsequence, proceed with binary segmentation until no further change
points are found.
until j = 3
11. Denote the last detected change point within the 1-month interval of data as ω∗.
12. Let z = z + 1 and d(z) would be the 1-month of data starting with dω∗+1.
until T − ω∗ < , where  ∈ Z+ is a sufficiently small number .
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Figure 2.3: Top panel: Change detection for first two weeks of wind direction data. Bottom panel:
Distribution of the prevailing periods’ length in days.
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B. Spatial adjustment
In addition to the temporal adjustment, the spatial configuration of the turbines on a wind
farm appears to be a factor that affects the asymmetry level between a pair of turbines in a local
wind field. Physically, asymmetry exists when wind propagates from an upstream turbine to a
downstream one, implying that the latter is in the along-wind direction with respect to the former.
To show the effect of the spatial configuration of turbines on asymmetry, we pick an 8-hour
prevailing period, where the wind is easterly, as illustrated in Figure 2.4. We compute the Pearson
correlations between the wind speeds at the upstream turbine (UT) and those in a subset of 8
arbitrarily selected downstream turbines (DTs 1-8) after a time lag of w = 3; we denote this
correlation by C1. It is apparent that the correlations in the along-wind direction (between UT
and DTs 1-4) are larger than those in the span-wind direction (between UT and DTs 5-8). Also,
we compute the pairwise correlations at a time lag of −w (when the DTs are leading the UT)
and denote it by C2. The difference between C1 and C2, denoted by ∆C, is largely positive for
the along-wind DTs, indicating the existence of a strong asymmetry pattern. These observations
prompt the need to select only the along-wind turbines in asymmetry quantification.
For a given prevailing period p, the dominant wind direction is denoted as dp and a distinct
spatial bandwidth bp will be selected, as shown in Figure 2.4. Our spatial bandwidth selection pro-
cedure, as illustrated in the upper left corner of Figure 2.4, executes as follows: we vary the band-
width in the range [2.5◦, 45◦] in increments of 2.5◦ and then select the bandwidth that maximizes
the median asymmetry as the optimal bandwidth b∗p. With the spatial adjustment, the asymmetry
metric a(·) takes in one more input and is now denoted as a(s1, s2, wp, dp, bp).
C. Asymmetry quantification using the spatio-temporal lens
In light of the spatial and temporal adjustments described above, we determine an optimal time
lag w∗p and bandwidth b
∗
p that constitute our final pair of spatial and temporal lens, maximizing
the median asymmetry level in each prevailing period. Figure 2.5 which shows the 25th, 50th and
75th percentiles of the asymmetry level versus the separating distance subgroups for the different
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𝟏 𝟐
DT1 0.89 0.51 0.38
DT2 0.85 0.17 0.69
DT3 0.79 0.24 0.55
DT4 0.89 0.35 0.54
DT5 0.2 0.26 -0.06
DT6 0.18 0.14 0.04
DT7 0.38 0.38 0.00
DT8 0.52 0.30 0.22
𝒃𝒑
𝑼𝑻
𝑫𝑻
Figure 2.4: Effect of the spatial configuration of the wind turbines on asymmetry quantification.
“UT” and “DT” denote an upstream and a downstream turbine, respectively.
scenarios thus considered: yearly, seasonal, monthly, weekly, temporal-only lens scenario and
spatio-temporal lens scenario.
It is apparent that applying the spatio-temporal lens detects much higher asymmetry levels.
For instance, at separating distances greater than 20 km, all of the turbine pairs exhibit positive
asymmetry and 50% of them exhibit an asymmetry level higher than 0.2 on the correlation scale,
a level considered significant in the past study [33] and nearly an order of magnitude greater than
the median asymmetry of 0.024 detected earlier on the yearly data. The median asymmetry values
of all distance subgroups are classified in Table 2.1, where 93% of the prevailing periods exhibit
positive median asymmetry, nearly a quarter of them exhibit a greater than 0.2 median asymmetry,
and more than 41% of them exhibit a median asymmetry larger than 0.1, the level of asymmetry
previously reported in [33, 36] for signaling the existence of appreciable asymmetric behavior in
the large-scale atmospheric processes.
The findings made above indicate that not only does strong asymmetry exist in local wind
fields, but also the discovered asymmetry appears to fluctuate spatially and temporally, and in
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Figure 2.5: The 25th, 50th and 75th percentiles of asymmetry values of different scenarios versus
separating distance in kilometers.
Table 2.1: Classification of prevailing periods according to the median asymmetry level.
Group Range Percentage
1. A¯(s1, s2, w∗p, dp, b
∗
p) ≤ 0 7%
2. 0 < A¯(s1, s2, w∗p, dp, b
∗
p) < 0.05 27%
3. 0.05 ≤ A¯(s1, s2, w∗p, dp, b∗p) < 0.1 25%
4. 0.1 ≤ A¯(s1, s2, w∗p, dp, b∗p) < 0.2 20%
5. 0.2 ≤ A¯(s1, s2, w∗p, dp, b∗p) 21%
both magnitude and direction. Each prevailing period appears to have unique asymmetry pattern,
creating a temporal fluctuation of asymmetry throughout the year. The asymmetry appears to
exhibit a spatial variation as well, by taking on high values in the along-wind and low values in the
span-wind directions. Such spatial and temporal variation of the asymmetry pattern is attributed
to the dynamic nature of the transport effect of wind. As such, separable spatio-temporal models
appear to be overly simplified in modeling farm-level local wind dynamics, which are shown to
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exhibit strong signs of asymmetry owing to the dynamic transport effect of wind.
D. Asymmetry and wake effect
By capturing the asymmetry in a local wind field, we can enrich our understanding of complex
physical phenomena on a wind farm such as the wake effect. The spatio-temporal dynamics within
a wind farm are affected by the wake effect because the rotating turbine blades cause changes in
the speed, direction and turbulence intensity of the propagating wind [16].
In Figure 2.6, we divide the wind farm for each prevailing period based on the wind direction
into two regions having approximately the same number of turbines. The first region is considered
as the set of “free-stream” wind turbines that receive a relatively wake-free, less turbulent wind and
the second region is considered as the set of “wake” wind turbines which are in the wake of other
turbines and receive the disturbed, turbulent wind. We plot the medians of the asymmetry for each
region. The free-stream region appears to exhibit higher asymmetry, which is consistent with the
physical understanding since the less-turbulent wind is the driving force creating the asymmetry.
This analysis indicates that asymmetry level spatially varies on a wind farm due to wake effect.
Incorporating such pattern in a spatio-temporal model could benefit model fitting and prediction,
as well as aid researchers in wake characterization.
2.3 Statistical short-term wind forecasting considering asymmetry of local wind fields
In light of the findings in Section 2.2, a framework for short-term wind forecasting is proposed
that takes into account the asymmetry of local wind dynamics attributed to the transport effect of
wind. The flowchart in Figure 2.7 presents the steps of the proposed forecasting procedure.
We want to note that to perform h-hour ahead forecasts and following the terminology pre-
sented in Section 2.2, only the data in the preceding prevailing period that share similar wind and
asymmetry characteristics is used for model training. This implies that a small subset of data rel-
evant to the current prevailing period is used for model training. Doing so, the benefit is twofold.
First, it eliminates the computational burden of fitting nonseparable spatio-temporal models. Sec-
ond, it makes use of a local informative spatio-temporal neighborhood that is most relevant to
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Figure 2.6: Wake effect and its implications on spatio-temporal asymmetry.
short-term horizons. We note informative spatial neighborhoods were used for short-term speed
forecast [69], while local temporal windows for short-term time-series power predictions were also
employed [83].
2.3.1 Models for short-term wind forecasting
In Figure 2.7, one major component is the fitting of an asymmetric nonseparable spatio-temporal
model. Such models have been proposed in the past, although not used for local wind fields. We
use a constant mean GRF model as in (1.1). For the covariance function, similar to [36], we define
it as a convex combination of two covariance structures which can be expressed as in (2.4).
Ka(u, w) = σ
2
{
(1− λ)KNS(u, w) + λKT (u, w)
}
+ η1{||u||=|w|=0}, (2.4)
where KT is an asymmetric correlation function to be given below and KNS is a nonseparable
symmetric correlation function, as in [33], such that:
KNS(u, w) =
1− δ
1 + α|w|2
(
exp
[
− c||u||
(1 + α|w|2)β2
]
+
δ
1− δ1{||u||=0}
)
. (2.5)
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Figure 2.7: Flowchart of short-term wind forecasting using asymmetric modeling.
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In (2.4) and (2.5), 1{·} is an indicator function, u = (u1, u2)T is the spatial lag consisting of
longitudinal and latitudinal components u1 and u2 and || · || is the Euclidean norm. The parameters
α and c determine the temporal and spatial ranges, whereas 0 ≤ δ < 1 and η are the spatial
and spatio-temporal nugget effects, respectively, such that α, c and η are all non-negative, and
σ2 > 0 is the spatio-temporal variance. The nonseparability parameter β represents the strength of
the spatio-temporal interaction and the asymmetry parameter λ represents the lack of symmetry;
β, λ ∈ [0, 1].
There are different approaches to define KT . A simpler one is defined in [36] as a Lagrangian
compactly supported function:
KT (u, w) =
(
1− 1
2||V|| ||u−Vw||
)
+
, (2.6)
where (·)+ = max(·, 0) and V = (V1, V2)T is a two-dimensional vector having a longitudinal
and latitudinal component, respectively, and is defined based on the knowledge of the weather
system. For example, if the dominant wind is known to be strictly westerly, then V is chosen to
be (V1, 0)T , i.e., a non-zero longitudinal wind velocity reflecting the traveling of the wind along
the longitudinal axis. A generalized version of KT is proposed in [75], which is, instead of using
a constant vector, defines V as a random variable that follows a multivariate normal distribution,
i.e., V ∼ N (µ, D
2
). As such, KT is defined as follows:
KT (u, w) =
1√|12×2 + w2D| exp [− (u− wµ)T (12×2 + w2D)−1(u− wµ)], (2.7)
where | · | in (2.7) denotes the matrix determinant. Our research shows that using the generalized
KT boosts the forecast quality, and for this reason, our forecast model uses the KT in (2.7). This
does not come as a surprise since local wind dynamics are highly random, and as such, V is
best described as random rather than constant. We refer to this asymmetric nonseparable model
hereinafter as ASYM.
We compare ASYM to a set of existing models in the literature and practice, namely: separable
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spatio-temporal models (SEP1, SEP2), persistence forecasts (PER), and support vector machines
(SVMs). We also define a new model as a hybrid between ASYM and SVM and refer to that as
HYB. We begin by explaining the separable spatio-temporal models (SEP1, SEP2). By setting
β = λ = 0 in (2.4), we get a symmetric separable model. Two variants of this separable model
are used: SEP1 and SEP2. The model SEP1 borrows the estimated parameters of ASYM but
sets β = λ = 0. As for SEP2, we first set β = λ = 0 before parameter estimation, and then
freely estimate the remaining parameters from the data. For ASYM, SEP1, and SEP2, a Maximum
Likelihood Estimation (MLE) is used to estimate the parameters of the model as in (1.3). Once
all parameters are estimated, a future wind speed value can be calculated using the wind speed
observations collected up to the current time as in (1.5).
Forecasts based on the persistence model (PER) are widely used as a benchmark in the re-
newable industry and are simply obtained by extending the current wind characteristics for the
look-ahead horizons such that Yˆi(t+ h) = Yi(t), ∀ h = 1, . . . , H and i = 1, · · · , n. We also com-
pare ASYM against a classical time series method which does not account for spatial correlation
on the wind farm (and thus no spatio-temporal asymmetry). A common approach for time-series
modeling and forecasting is the autoregressive moving average (ARMA) model, which is defined
by the orders of the autoregressive and the moving average parts, p and q respectively, and a set of
parameters {a, b1, .., bp, c1, ..., cq}. An ARMA(p, q) model for a spatial location i is expressed as
in Equation (2.8).
Yi(j) = a+
p∑
l=1
blYi(j − l) +
q∑
k=1
cki(j − k) + i(j). (2.8)
We fit an ARMA model using the command arima in the R package stats. Our analysis
suggests that a better prediction is achieved by using low-order, rather than high-order ARMA
models. This aligns with the recommendations of previous studies which suggest that low-order
ARMA models are more suitable for short-term forecasts [43, 69]. Therefore, we set p = q = 1
and fit an ARMA(1, 1) model for each turbine out of the 200 locations at the wind farm. As such,
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we generate 200 independent forecasts and then compute the overall aggregate forecast error.
Machine learning approaches have also been reported to benefit wind forecasting. Amongst
those, support vector machines (SVMs) are a popular choice and have been previously imple-
mented for time-series wind speed and power forecasting [64, 84, 73]. Simply speaking, SVM
performs a nonlinear mapping of the data into a high-dimensional feature space, as shown in (2.9):
Yi(j) = β0 +
d∑
j′=1
βj′φj′(xi(j)) + i(j), (2.9)
where xi(j) is an explanatory input to be defined later, {φj′}dj′=1 are the so-called feature basis
functions and {βj′}dj′=0 are the SVM parameters to be estimated from the data [64]. For an SVM
model, instead of explicitly defining the feature basis functions, a kernel function is specified that
defines the inner product in the feature space. This is referred to in the machine learning literature
as the “kernel trick” [27]. Following the same logic made above regarding the suitability of most
recent lagged values with respect to short-term forecasts, we set xi(j) = Yi(j − 1). We fit an
SVM model for the time series training data of each turbine of the 200 locations at the wind farm.
Specifically, we use the command svm in the R package e1071 and a radial basis kernel function,
which is a common choice in the SVM literature [27]. We refer to this model as SVM.
A growing trend in the wind forecasting literature is to hybridize multiple data-driven methods
to achieve better prediction accuracy [15, 42]. We follow an approach similar to [15], which
was originally proposed for integrating classical time-series models with neural networks for wind
speed forecasting. Specifically, we first fit ASYM to the spatio-temporal training data. The choice
of ASYM as the base model is motivated by our goal to capture the spatio-temporal asymmetries
on the wind farm. We then fit an SVM to the residuals obtained by ASYM to capture any non-
linearities that are not covered by the base model. We refer to this hybrid model, which is presented
in (2.10), as HYB, where Y Ai (j) is the ASYM model fit, ESi (j) represents the SVM model fit to
the spatio-temporal residuals obtained after the ASYM fit, and ei(j) is the final residual term.
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Yi(j) = Y
A
i (j) + ESi (j) + ei(j). (2.10)
2.3.2 Case study
We demonstrate the merit of our procedure on four prevailing periods from different times of
the year. For all the periods, we select 6 hours for model training. We will forecast up to 4-hours
ahead, i.e., h = {1, 2, 3, 4}. Our choice for the training period is motivated by observing that
the shortest prevailing period length, as shown in Section 2.2, is about 6 hours. For short-term
wind prediction, previous studies showed that using a longer history of wind measurements is not
necessarily helpful, as evident by the low time lag order used in the time series models [12, 24, 69].
As mentioned previously, in ASYM, V ∼ N (µ, D
2
). To specify µ and D, we make use of
the average wind speed Y¯ and average wind direction d¯ of the training data as follows. First, we
set ||µ|| = Y¯ . Then, given d¯, we compute the wind velocity vector in degrees, by decomposing
||µ|| into longitudinal and latitudinal components, denoted by vˆ1 and vˆ2, respectively. These com-
ponents will be used as the estimate for µ and their signs would represent the wind directionality
information. In our current study, we found that when the 2× 2 matrix D is chosen as a diagonal
matrix with its diagonal entries set to ||µ||, the parameter estimation procedure produces higher
MLE values, suggesting a better fit.
The MLE is implemented in R using the routine nlm. For instance, for a prevailing period
in January, 2011, d¯ = 122.28◦, Y¯ = 20.15 km/hr, (vˆ1, vˆ2) = (−0.20◦, 0.10◦) and the MLE’s are
{σˆ2, νˆ, αˆ, cˆ, ηˆ, βˆ, λˆ} = {19.22, 0.18, 0.46, 0.35, 3.35, 0.99, 0.47}. The estimate for the mean term is
21.98 km/hr. The values for βˆ and λˆ indicate the need to consider spatio-temporal interaction and
asymmetry.
The log-likelihoods for ASYM, SEP1 and SEP2 are presented in Table 2.2. The log-likelihood
values for ASYM are higher than those of SEP1 and SEP2 for all the periods, suggesting a higher
explanatory power in favor of the asymmetric model and the importance of incorporating it in the
spatio-temporal modeling of local wind fields.
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Table 2.2: Log-likelihoods of the asymmetric versus the separable models. Bold-faced values
indicate the best performance.
Period Month ASYM SEP1 SEP2
1. October, 2010 -2087.84 -2091.69 -2089.19
2. December, 2010 -1980.29 -2263.43 -2030.04
3. January, 2011 -1796.45 -1826.90 -1799.82
4. June, 2011 -2181.68 -2463.77 -2185.45
Next, we make forecasts based on the models presented in Section 2.3.1 and evaluate them in
terms of Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) as defined in (1.10)
and (1.11), respectively. Since here we do not make a rolling forecast, we can omit the index ` and
set L = 1 in the expressions of (1.10) and (1.11). In Section 3 of this dissertation, the forecasts will
be evaluated on a rolling forward forecasting fashion. The RMSE and MAE results are illustrated
in Tables 2.3 and 2.4, respectively. Please note that for Period 2, the testing data for h = 4 had
a large amount of missing values when our industrial collaborator provided the data, and for this
reason, we were not able to assess the forecast quality for that particular forecast horizon. We,
therefore, compute the aggregate error based on the first 3-hour ahead forecasts for Period 2. For
Periods 1, 3 and 4, the aggregate measure reported is the average over all 4-hour ahead forecasts.
An important goal for wind farm operators is to accurately predict power production, in ad-
dition to wind speed forecasts. These power predictions are valuable for critical decision-making
activities such as determining the optimal hourly market participation ahead of time. In practice,
turbine-specific power curves are provided by the manufacturer and are used to assess the predic-
tion accuracy of competing models. Since we do not readily have these power curves at hand, we
use the binning method over the available one-year worth of data to estimate the turbine-specific
power curves. The binning method is a nonparametric method commonly used in the wind industry
[46] and is based on discretizing the wind speed domain into a number of bins and then outputting
the average power value for each bin as an estimate of power generation. Using the estimated
power curves, we predict the power generated at each turbine given the wind speed forecasts. We
compare the competing models in terms of RMSE in Table 2.5.
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The results presented in Tables 2.3, 2.4, and 2.5 show that the forecasts based on ASYM model
outperform those based on separable (SEP1 and SEP2), persistence (PER), time-series (ARMA),
and support vector machine (SVM) models, in terms of both wind speed and wind power forecast-
ing. The improvement of ASYM over the separable models is explained by capturing the strong
asymmetries discovered in Section 2.2, whereas the improvement over ARMA and SVM is mostly
due to the characterization of spatial correlations, and subsequently the asymmetry, both of which
the time-series models fail to capture.
Furthermore, hybridizing ASYM with SVM (the HYB model) appears to achieve a further
enhancement in prediction accuracy over the ASYM only approach, demonstrating the additional
benefit brought by SVM. The improvements of HYB over ASYM range from 1% to 7%, and on
average 3.5%, for wind speed forecast, and up to 8%, but on average 4.0%, for wind power forecast.
Combining the strength of the asymmetric modeling and SVM, in terms of wind speed forecast,
HYB improves, on the average of the four periods, 22.5% in RMSE (24.3% in MAE, same below)
over SEP1, 8.0% (9.7%) over SEP2, 19.5% (19.0%) over PER, 21.2% (24.5%) over ARMA(1,1)
and 22.9% (25.1%) over SVM. In terms of wind power forecast, HYB on average improves in
terms of reduction in RMSE 23.5% over SEP1, 9.4% over SEP2, 18.2% over PER, 22.8% over
ARMA(1,1), 24.3% over SVM. These results are aligned with the findings made in Section 2.2
that local wind fields are strongly asymmetric at the fine-scale spatio-temporal resolutions and as
such, spatio-temporal models that capture such physical phenomenon are expected to perform well
in short-term forecasts.
2.4 Conclusion
Spatio-temporal wind farm analytics can provide insights to minimize uncertainty while us-
ing the wind resource. We demonstrate that, contrary to common practice, local wind fields are
strongly asymmetric. This asymmetry is detected upon implementing a set of spatio-temporal ad-
justments that unearth the fine-scale spatio-temporal dynamics. The asymmetry pattern changes
over space and time, in both magnitude and direction. As such, the traditional separable spatio-
temporal models appear to be overly simplified in modeling farm-level wind dynamics. Given
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Table 2.3: RMSE of wind speed forecasts. Missed the data for h = 4 and Period 2 in the original
dataset. Bold-faced values indicate the best performance. The percentage improvements are the
error inflation rate relative to HYB.
Period Model h = 1 h = 2 h = 3 h = 4 Average % improvement
1 ASYM 0.95 1.37 2.70 2.86 2.14 1%
SEP1 1.23 1.63 2.92 3.03 2.34 9%
SEP2 1.01 1.50 2.85 2.99 2.26 6%
PER 1.29 1.72 2.98 3.16 2.42 12%
ARMA 1.63 2.06 3.48 3.62 2.83 25%
SVM 1.61 1.91 3.33 3.44 2.70 21%
HYB 0.95 1.36 2.69 2.85 2.13
2 ASYM 1.42 2.53 2.31 – 2.14 4%
SEP1 2.77 3.25 2.65 – 2.90 29%
SEP2 1.64 2.62 2.30 – 2.22 7%
PER 1.83 2.88 2.57 – 2.47 17%
ARMA 1.99 3.05 2.78 – 2.64 22%
SVM 2.42 3.68 3.41 – 3.21 36%
HYB 1.25 2.45 2.27 – 2.06
3 ASYM 0.87 0.94 1.02 1.35 1.06 2%
SEP1 1.21 1.25 1.21 1.52 1.31 20%
SEP2 0.88 1.09 1.14 1.50 1.17 11%
PER 1.01 1.07 1.36 1.51 1.25 17%
ARMA 1.11 1.32 1.30 1.65 1.36 24%
SVM 1.03 1.16 1.34 1.68 1.33 21%
HYB 0.89 0.91 1.00 1.31 1.04
4 ASYM 1.27 1.45 1.87 3.94 2.37 7%
SEP1 3.38 2.45 2.66 4.19 3.24 32%
SEP2 1.41 1.59 1.99 3.80 2.40 8%
PER 1.88 2.10 2.53 5.28 3.25 32%
ARMA 2.07 1.77 2.14 3.81 2.58 14%
SVM 1.71 1.74 2.15 3.89 2.54 13%
HYB 1.26 1.43 1.92 3.50 2.21
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Table 2.4: MAE of wind speed forecasts. Missed the data for h = 4 and Period 2 in the original
dataset. Bold-faced values indicate the best performance. The percentage improvements are the
error inflation rate relative to HYB.
Period Model h = 1 h = 2 h = 3 h = 4 Average % Improvement
1 ASYM 0.80 1.18 2.48 2.64 1.77 1%
SEP1 1.06 1.45 2.72 2.81 2.01 12%
SEP2 0.86 1.31 2.63 2.77 1.89 7%
PER 1.05 1.49 2.80 2.90 2.06 15%
ARMA 1.31 1.83 3.29 3.35 2.47 29%
SVM 1.40 1.69 3.14 3.18 2.35 25%
HYB 0.79 1.17 2.46 2.62 1.76
2 ASYM 1.04 2.28 2.09 – 1.80 5%
SEP1 2.19 2.80 2.30 – 2.43 30%
SEP2 1.29 2.36 2.06 – 1.90 10%
PER 1.49 2.55 2.27 – 2.10 19%
ARMA 1.62 2.81 2.52 – 2.31 26%
SVM 2.19 3.41 3.10 – 2.87 39%
HYB 0.89 2.19 2.04 – 1.71
3 ASYM 0.72 0.77 0.85 1.17 0.88 2%
SEP1 0.99 1.04 1.01 1.30 1.08 21%
SEP2 0.73 0.92 0.97 1.31 0.98 13%
PER 0.81 0.84 1.05 1.20 0.98 13%
ARMA 0.93 1.15 1.14 1.43 1.16 26%
SVM 0.84 0.94 1.07 1.40 1.06 19%
HYB 0.72 0.74 0.83 1.13 0.85
4 ASYM 1.00 1.20 1.48 3.73 1.85 6%
SEP1 2.68 1.99 2.13 3.75 2.64 34%
SEP2 1.13 1.33 1.61 3.60 1.91 9%
PER 1.49 1.71 2.06 4.78 2.51 31%
ARMA 1.67 1.44 1.76 3.51 2.09 17%
SVM 1.43 1.44 1.71 3.60 2.05 15%
HYB 0.99 1.18 1.54 3.26 1.74
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Table 2.5: RMSE of wind power predictions. Bold-faced values indicate the best performance.
The percentage improvements are the error inflation rate relative to HYB.
Period h ASYM SEP1 SEP2 PER ARMA SVM HYB
1 1 0.10 0.13 0.11 0.13 0.17 0.16 0.10
2 0.17 0.21 0.19 0.20 0.24 0.23 0.17
3 0.37 0.39 0.38 0.38 0.44 0.43 0.36
4 0.40 0.42 0.42 0.42 0.48 0.45 0.40
Av. 0.29 0.31 0.30 0.31 0.36 0.34 0.28
% 1% 7% 5% 6% 19% 16%
2 1 0.13 0.31 0.17 0.19 0.22 0.29 0.12
2 0.25 0.36 0.27 0.30 0.33 0.43 0.24
3 0.24 0.30 0.25 0.28 0.32 0.41 0.24
4 – – – – – – –
Av. 0.22 0.33 0.23 0.26 0.29 0.38 0.20
% 4% 36% 11% 21% 29% 45%
3 1 0.10 0.14 0.11 0.12 0.13 0.13 0.10
2 0.12 0.15 0.14 0.12 0.16 0.14 0.11
3 0.12 0.14 0.14 0.14 0.16 0.15 0.11
4 0.17 0.19 0.19 0.18 0.21 0.20 0.16
Av. 0.13 0.16 0.15 0.14 0.17 0.16 0.12
% 3% 17% 13% 9% 22% 18%
4 1 0.17 0.34 0.18 0.25 0.27 0.22 0.17
2 0.19 0.31 0.20 0.28 0.23 0.23 0.18
3 0.24 0.33 0.26 0.33 0.28 0.28 0.24
4 0.42 0.46 0.39 0.62 0.41 0.42 0.35
Av. 0.25 0.36 0.26 0.38 0.30 0.29 0.23
% 8% 34% 9% 37% 20% 17%
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these findings, an enhanced procedure for short-term wind forecasting was devised and shown
to outperform the commonly used forecast methods based on persistence, autoregressive, support
vector machines, and separable spatio-temporal models.
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3. THE CALIBRATED REGIME-SWITCHING METHOD FOR SHORT-TERM WIND
SPEED AND POWER FORECASTING ∗
On a wind farm, local wind conditions exhibit sizeable variations at a fine temporal resolu-
tion. Existing regime-switching methods attempt to capture these variations by fitting statistical
models that are conditioned on a finite set of regimes or states, thus producing regime-dependent
forecasts. Most of these methods may capture the in-sample variations in wind behavior, but are
often shortsighted to those occurring in the near future, i.e. in the forecast horizon. We propose a
statistical model called “the calibrated regime-switching model”. The essence of the model is to
introduce an action of regime dependent calibration on the predictand (here the wind speed vari-
able), which helps correct the bias resulting from out-of-sample variations in wind behavior. In
addition to regime-switching dynamics, the proposed model also accounts for salient physical fea-
tures of wind fields: spatio-temporal dependencies, transport effect of wind, and nonstationarity.
Using one year of turbine-specific wind data, the calibrated regime-switching method is shown to
offer a wide margin of improvement over existing forecasting methods in terms of both wind speed
and power.
3.1 Regime-switching modeling for wind forecasting
Regime-switching dynamics refer to the variation of the wind characteristics over a spectrum
of physical states or regimes. In the past decade, there has been a growing recognition for regime-
switching methods for short-term wind forecasting [38]. The essence of these regime-switching
approaches is to fit statistical models that are conditioned on a finite set of wind regimes or states,
and hence, produce regime-dependent forecasts.
A wide array of existing regime-switching methods assume that the wind regime observed at
the time of forecast (or shortly prior to that) will persist during the forecast horizon, and hence,
use the model whose parameters are fit specifically to the observed regime to make forecasts.
∗Reprinted, with permission, from [26].
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One such approach is the regime-switching autoregressive method in [88], which is presented in
(1.8). Several regime-switching models have been proposed in the past decade, mostly sharing the
same concept as the model in (1.8), but with key differences in how regimes are defined, whether
using lagged values of wind speed, power, direction, precipitation, temperature, or other exogenous
variables [38, 71, 40, 87, 11].
Let us refer to the observed regime as the in-sample regime, and the regime in the forecast
horizon as the out-of-sample regime. The aforementioned methods can be perceived as “reacting”
to the in-sample regime without anticipating potential changes between the in- and out-of-sample
regimes. We hereinafter label them collectively as “reactive” regime-switching approaches. A
drawback of the reactive approaches is that they are shortsighted to the changes in wind behavior
that are yet to occur in the forecast horizon. If the wind behavior in the near future departs from
the observed in-sample attributes, then a considerable discrepancy between the forecasts and the
true underlying process can be expected.
In light of that, we propose a statistical forecasting model titled: “the calibrated regime-
switching (CRS) model.” The CRS approach starts by constructing a reactive regime-switching
model, which by design, suffers from an inherent bias while extrapolating the in-sample attributes
in the form of forecasts. The CRS approach then corrects this bias by introducing a regime-specific
calibration to capture potential out-of-sample variations in the predictand (here the wind speed).
This is achieved by modeling the forecast calibration as a parametric function of two elements that
are shown to be able indicators of out-of-sample changes: the observed regime at the time of the
forecast, and the runlength, which is the time elapsed since the most recent regime change.
A parallel line of research in the regime-switching literature concerning the in-sample/out-of-
sample regime difference is the Markov-switching (MS) models [5, 68, 3, 41, 10], which use a
transition matrix to connect, probabilistically, the in-sample regimes with possible regimes in the
forecast horizon. The forecast under an MS model is either the one made by the most probable
regime (the hard thresholding approach) or a weighted average of all possible regime-specific
forecasts (the soft thresholding approach).
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We perceive both the CRS approach and MS approach as a transition step from the “reactive”
regime-switching approaches to the next-generation “proactive” regime-switching models; the lat-
ter would ideally predict the out-of-sample regimes directly and then issue forecasts based on the
regime predictions. CRS and MS do not involve a direct prediction of the out-of-sample regimes
but both nonetheless account for in-sample/out-of-sample changes in wind behavior. In the MS
approach, one estimates the transition probabilities from the current regime to other regimes based
on the regime change data historically observed, and assumes that such change patterns remain the
same in the next forecasting period. On the other hand, CRS employs the runlength variable to
sense how likely the base reactive model is going to be biased, due to possible changes in wind
behavior, and then uses the training data to estimate the amount of bias to be corrected as a func-
tion of both the runlength and the current regime. In the case study, the CRS approach is shown
to have an advantage over MS methods in terms of short-term forecasting, primarily because of
the use of runlength, which provides a more specific anticipation of out-of-sample variations in the
predictand. The comparison between CRS and MS conveys the message that an improvement in
change anticipation can lead to appreciable gains in wind forecasting accuracy. Further discussion
is provided in Section 3.4.
3.2 Preliminary data analysis
Preliminary analysis on the wind farm data described in Section 1.5 suggests that the data
exhibit dependencies across space and time. The first five panels of Figure 3.1 show the partial
autocorrelation functions (PACF) of the wind speeds at five different wind turbines for lags ranging
from one hour up to 12 hours. Short lags (less than four hours) appear to be of high relevance to the
current observed wind speeds at each of the five turbines. Similar trends were observed in multiple
research studies [24, 51, 69]. The quick decay of temporal correlation hints to the irrelevance of
longer-memory effects to short-term prediction.
The last panel of Figure 3.1 plots the correlation coefficients between the wind speeds at an
arbitrarily chosen turbine and those at the remaining 199 turbines at zero-hour lag against the
separating distances between them. The plot suggests that strong spatial correlations exist in the
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Figure 3.1: Panels (1)-(5): PACFs of the wind speeds at five wind turbines. The x-axis is the time
lag in hours. Panel (6): Correlations between wind speeds at an arbitrarily chosen turbine and
those at the remaining 199 turbines at zero-hour lag against the separating distances.
wind farm, ranging from 0.88 to 0.97. A decreasing trend in the coefficients is notable as the
separating distance increases. Even at the near maximal distances, spatial correlations appear to
sustain a relatively strong effect and do not vanish. The strong spatial dependence can be explained
by wind propagation across a dense grid of spatial locations in the relatively small area of a wind
farm. The observations made above advocate modeling both temporal and spatial dependencies
when performing short-term wind forecasting.
Similar to previously reported works [7, 71, 25], we note that local wind conditions (i.e. wind
speed and direction) exhibit changes of sizeable magnitude in short periods of time, suggesting
that the wind field under study is highly dynamic. For exploratory purposes, two univariate change
point tests are conducted on the first 30 days of spatially averaged data of wind speed and wind
direction. For the wind speed variable, a change point detection test with binary segmentation
is implemented using the package changepoint in R [52]. For the wind direction, which is
a circular variable, a binary segmented version of the circular change point detection in [47] is
51
0 100 200 300 400 500 600 700
0
5
10
15
Time (hours)
W
in
d 
Sp
ee
d 
(m
/s)
0 100 200 300 400 500 600 700
0
10
0
20
0
30
0
Time (hours)
W
in
d 
di
re
ct
io
n 
(de
gs
)
Figure 3.2: Top panel: change points in one month of spatially averaged wind speed data. Bottom
panel: change points in one month of spatially averaged wind direction data. The span of the x-axis
is a month or 720 hours.
implemented using the package circular [2]. Figure 3.2 illustrates the results of the change
point detections. The minimum-time-to-change and the median-time-to-change in wind speed are
5 hours and 15 hours, respectively, whereas those in wind direction are 11 hours and 37 hours,
respectively. On average, a change in wind speed or wind direction takes place every 10 hours.
From a physical interpretation standpoint, the variation in local wind conditions can be ob-
served on multiple frequency ranges, among which slow fluctuations (i.e. days) are driven by
synoptic-scale weather variables, whereas higher frequency variations (i.e. minutes to hours) oc-
cur due to a combination of interacting physical processes that are difficult to individually pinpoint,
yet their collective effect is often notable [66]. The system’s short memory noted in the PACFs of
Figure 3.1 is perhaps an implication of this dynamic behavior.
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3.3 The calibrated regime-switching method
Let Yi(j) represent the wind speed recorded at turbine i at time j, where i = 1, ..., n turbines
and j = 1, ..., T hours. Furthermore, let Y¯ (j) and d(j) be the spatially averaged wind speed and
direction at time j, in m/s and degrees, respectively. Similar to the notation established in Section
1 of this dissertation, the time index, t, is reserved to denote the present time, whereas j denotes
an arbitrary time index. A wind speed forecast is to be made at t+ h for h = 1, 2, . . . , H , i.e., the
forecast horizon could be as far as H hours ahead of the present time.
3.3.1 Regime identification
There are several ways to define regimes in the wind simulation and forecasting literature
[51, 50]. Clustering-based methods can be run on pre-specified meteorologic variables to iden-
tify regimes corresponding to physically interpretable weather patterns [11]. In other instances,
regimes can be defined implicitly through latent variables such as in hidden Markov models [5].
An alternative approach is to divide the space of some prescribed variables into a finite number of
partitions by imposing a set of thresholds that are often selected through expert knowledge or data-
driven measures. For example, two wind regimes were proposed in [38] based on wind direction
to reflect the alternation of westerly and easterly winds in the U.S. Pacific Northwest [38].
Here, we follow an approach similar to [38], but we use both the wind speed and direction
variables as regime identifiers. This is motivated by our explicit interest in capturing fluctuations
of local wind conditions. The wind speed variable is the predictand of interest, and capturing its
fluctuations would greatly benefit any data-driven method to forecast it, whereas wind direction is
also known to affect wind flow patterns, power production, and spatial correlations of wind speed
between wind turbines. So both factors are used in defining our wind regimes.
For our regime definition scheme, we assume there exists a finite number, R, of wind regimes,
such that the observed regime at time j, denoted by r(j), takes on values in {1, . . . , R} depending
on the observed values of Y¯ (j) and d(j). Suppose that there are R1 disjoint wind speed partitions
and R2 disjoint wind direction partitions, then R = R1×R2. Collectively, the regimes are defined
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by a set of bivariate thresholds, {r1, r2, . . . , rR−1}, where rk = {rvk, rdk} comprises the wind speed
and wind direction thresholds that separate two adjacent wind speed or wind direction partitions.
Our regime identification starts by selecting the number of regimes R and a set of tentative
thresholds {rk}R−1k=1 . Our approach for deciding the tentative thresholds is based on the understand-
ing of wind power production. Later, in Section 3.4.2, we use a small subset of training data to
fine-tune the tentatively selected thresholds in order to boost the forecast performance.
We guide the selection of wind speed thresholds, rv1 , . . . , r
v
R−1, in light of the regions associated
with a wind power curve. Figure 3.3 plots one year of wind speed versus the normalized wind
power values recorded at one of the turbines, as well as the histograms of wind speed and power
shown, respectively, in the above and side sub-figures. The power curve in Figure 3.3 is estimated
by using the binning method [46], a common industrial practice. The binning estimates are shown
in Figure 3.3 as the red triangles.
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Figure 3.3: Normalized power versus speed values, histograms of wind speed and power, for one
of the turbines on the wind farm. Vci: cut-in speed, Vin: inflection point, Vr: rated speed and Vco:
cut-out speed.
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Four physically meaningful wind speed values define a power curve, namely: the cut-in-speed,
Vci, the inflection point, Vin, the rated speed, Vr, and the cut-out speed, Vco. The cut-in speed Vci
is the minimal speed at which turbines start to generate power. The rated speed Vr defines the
minimal speed at which the maximum permissible power is produced. This maximum level is
maintained until the speed reaches Vco, beyond which the turbine is halted for its safety. Between
Vci and Vr, the power curve follows a nonlinear relationship, with an inflection point separating the
convex and concave regions. This inflection point, corresponding to Vin, marks the point at which
the turbine control mechanism is used to regulate the power production. For our data, Vci, Vr and
Vco, as provided by the manufacturer, are around 3.5, 13.5 and 20 m/s, respectively, whereas Vin is
estimated by [44] for modern turbines to be around 9.5 m/s.
These physically meaningful values can be used to set the wind speed thresholds at Vci, Vin, and
Vr, which partitions wind speed into four ranges. However, we notice that only around 3% of wind
speed data in our dataset are higher than Vr. We then decide to have a total of three speed partitions
after merging the last two partitions and eliminating the threshold at Vr. Please also note that while
Vco is at 20 m/s for our data, Vco most commonly takes the value of 25 m/s in commercial turbines.
Extending Vco from 20 m/s to 25 m/s, however, does not affect our wind regime definition.
With respect to wind direction, the left panel of Figure 3.4 shows the roseplot of the spatially
averaged wind speed and direction data. We note that wind direction is dominantly westerly, and
the year-long spatio-temporal average wind direction is 257◦ (270◦ is due west). The right panel
of Figure 3.4 shows the histograms of the turbine-specific wind speeds for westerly versus easterly
partitions, which shows a notable distinction between the behavior of the wind associated with each
direction partition. This suggests two wind direction partitions with thresholds set at 0◦ and 180◦,
resulting in a westerly regime and an easterly regime. The differences in wind speed histograms
are not nearly as striking for northerly versus southerly partitions.
The above analysis motivates us to define a total of R = 6 wind regimes corresponding to
the combination of three wind speed partitions and two wind direction partitions, as shown in
(3.1). Figure 3.5 shows the time series of the first 30 days of Y¯ (j), d(j), and r(j). In Section
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Figure 3.4: Left panel: Rose plot of spatially averaged wind speeds and directions. Right panel:
Histogram of wind speeds for westerly versus easterly winds.
3.4, the values of these tentative thresholds will be refined. That fine-tuning step is intended to
further enhance the regime identification procedure in light of the forecasting performance. Our
regime identification procedure is not purely data-driven nor solely dictated by physics; rather it
borrows the strength of both. While the physical understanding of how wind dynamics affects
wind power generation guides our high level decision, like the choice of the number of regimes
and the tentative regime thresholds, the farm-specific data informs the subsequent fine-tuning of
the regime thresholds.
r(j) =

1, Y¯ (j) ∈ [0, 3.5) & d(j) ∈ [0◦, 180◦) ⇒ Low speed, easterly wind
2, Y¯ (j) ∈ [0, 3.5) & d(j) ∈ [180◦, 360◦)⇒ Low speed, westerly wind
3, Y¯ (j) ∈ [3.5, 9.5) & d(j) ∈ [0◦, 180◦) ⇒ Moderate speed, easterly wind
4, Y¯ (j) ∈ [3.5, 9.5) & d(j) ∈ [180◦, 360◦)⇒ Moderate speed, westerly wind
5, Y¯ (j) ∈ [9.5, 20 or 25) & d(j) ∈ [0◦, 180◦) ⇒ High speed, easterly wind
6, Y¯ (j) ∈ [9.5, 20 or 25) & d(j) ∈ [180◦, 360◦)⇒ High speed, westerly wind
(3.1)
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Figure 3.5: Top panel: Spatially averaged wind speed data (solid line), along with the wind speed
regime thresholds at 3.5 and 9.5 m/s (dashed line). Middle panel: spatially averaged wind direction
data (solid line), along with the wind direction regime threshold value at 180◦ (dashed line). Bot-
tom panel: Evolution of the regime variable r(j) ∈ {1, ..., 6}. The span of the x-axis is a month or
720 hours.
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3.3.2 The CRS method
We assume that we have at hand a statistical model, denoted byM. In the CRS formulation,M
is a reactive regime-switching model, which, conditioned on r(t), can produce regime-dependent
spatio-temporal forecasts, where Yˆ r(t)i (t+h) represents a forecast at location i and time t+h, given
the current regime of r(t). Its specific choice in the context of our application is to be discussed in
Section 3.4, but our method is generic to different selections ofM.
As a reactive regime-switching model,M suffers from an inherent bias while extrapolating the
observed in-sample attributes in the form of short-term forecasts. The aim of the CRS approach is
to correct this inherent bias through adding a regime-dependent term, ci(t + h|r(t)) ∈ R, to the
regime-specific forecast Yˆ r(t)i (t+h). Hereinafter, we refer to ci(t+h|r(t)) as the regime-dependent
forecast calibration, and the quantity Y˜i(t + h) = Yˆ
r(t)
i (t + h) + ci(t + h|r(t)) as the calibrated
forecast. The essence of the CRS approach can be better illustrated in Figure 3.6, where the goal
of the calibration is to learn how and when Yi(t) is going to change, and adjust the forecast at t+h
accordingly.
We assume that the forecast calibration, ci(t + h|r(t)), can be informed by the observed data
up to time t, denoted by Dt. The dependence on Dt is signified by the notation ci(t + h|Dt, r(t)).
For simplicity, we assume that ci(t + h|Dt, r(t)) only varies over time and is fixed across space,
that is, ci(t + h|Dt, r(t)) = c(t + h|Dt, r(t)), for i = 1, · · · , n, but future research can look into
the benefit of varying that quantity over space as well. A general calibration formulation to infer
c(·|Dt, r(t)) can be expressed as
min
c∈C
L(Yˆ r(t)i (t+ h) + c(t+ h|Dt, r(t)), Yi(t+ h)), (3.2)
where C is some class of functions to which c(·|Dt, r(t)) belongs, and L(·, ·) is a loss function that
defines a discrepancy measure.
We would like to select a parametric form for c(·|Dt, r(t)) that enables our model to specifically
capture the out-of-sample variations in wind speed. We suggest that c can be informed by means
58
Ad
ju
st
 b
y 
𝒄 𝒊
(𝒕
+
𝒉)
Time (hours)
Wind Speed 
(m/s)
𝒀𝒊 𝒕
In-sample 
change
Actual out-of-sample 
change
runlength
𝒙(𝒕 + 𝒉)
𝒀෡𝒊 𝒕 + 𝒉 + 𝒄𝒊 𝒕 + 𝒉
𝒀෡𝒊(𝒕 + 𝒉)
Reactive
Model 
CRS anticipates 
regime change
Figure 3.6: Illustration of the forecasting calibration for out-of-sample changes.
59
of two elements that are shown to be able indicators of out-of-sample change: the observed wind
regime at the time of the forecast, r(t), and the runlength, denoted by x(t + h). The runlength,
x(t + h), is defined as the time elapsed since the most recent regime change. The value of the
runlength at any arbitrary time index j is defined as x(j) = j − j∗, where j∗ is the time at which
the most recent change was observed such that j∗ < min(j, t). For a time point in the forecast
horizon, i.e. j = t + h, we define the runlength in the forecast horizon as x(t + h) = t + h − j∗.
The runlength has been recently proposed as an indicator of upcoming changes in the emerging
online change detection literature [1, 72], but has not been used in the regime-switching modeling
or wind forecasting literature in general.
As such, we let the function c(·) depend on two inputs: {r(t), x(t+h)}. We further propose to
use the functional form of a log-normal cumulative distribution function (cdf) to characterize c(·)’s
relationship with the two inputs. We model c(·) individually in each wind regime, so that r(t) is
implicitly incorporated into the relationship with c(·) through a set of regime-specific parameters.
Consequently, c(·) is manifested with the runlength, x(t+ h), as the single explicit input.
For the k-th regime, we denote the regime-specific parameters by Ψk = {ψk1 , ψk2 , ψk3}, and
the calibration function by c(x(t + h)|r(t) = k). The functional form of the log-normal cdf is
expressed as in (3.3).
c(x(t+ h)|r(t) = k) = ψk1Φ
(
ln(x(t+ h))− ψk2
ψk3
)
, (3.3)
where Φ(·) is the normal cdf. The choice of the lognormal cdf as a calibration function is motivated
by its flexibility to model a wide spectrum of change behavior, ranging from abrupt shifts to gradual
drifts, depending on the values of parameters in Ψk. The parameters in Ψk are estimated from
the data and continuously updated in a rolling forward forecasting scheme. Other selections of
calibration functions are discussed in Section 3.4.
The estimation procedure of parameters in Ψk goes as follows. We assume that in a training
dataset, we have at hand a sequence of forecasts and their respective true observations. These
60
forecasts were obtained via the modelM in a rolling fashion, such that for the `-th roll, the data
observed up to time t` are used to obtain forecasts from t` + 1 till t` + H . Suppose that we have
L forecasting rolls in the training set. For the `-th forecasting roll, ` = 1, . . . , L, we store the
following information: the observed wind regime at the time of forecasting, r`(t), the associated
runlengths, x`(t+ h), the raw forecast viaM at t+ h, Yˆ r`(t)i (t+ h), and the actual observation at
t+ h, Y `i (t+ h), for h = 1, . . . , H and i = 1, . . . , n. By employing a squared error loss function,
(3.2) can be re-written as in (3.4),
min
Ψk
1
Lk×n×H
Lk∑`
=1
n∑
i=1
H∑
h=1
[
Yˆ
r`(t)
i (t+ h) + c(x
`(t+ h)|r`(t) = k)− Y `i (t+ h)
]2
(3.4)
where Lk denotes the number of forecasting rolls relevant to regime k. Solving (3.4) for each
regime individually, i.e., for k = 1, . . . , R, gives the least-squares estimate of the parameters in
{Ψk}Rk=1.
3.3.3 Proposed implementation procedure
We next propose an implementation procedure for the CRS approach, which comprises three
sequential phases: (1) Phase I: generating the raw forecasts (via the modelM) in the initialization
period, (2) Phase II: estimating the forecast calibration function based on the raw forecasts and the
actual observations solicited during Phase I, (3) Phase III: making continuously rolling-forward
forecasts and updates. Phases I and II use a subset of the data, say, a one-month initialization
period to set up the CRS machinery. In Phase III, the actual forecasting and testing are carried out
for the remaining 11 months.
We assume that the model, M, used for issuing the raw forecasts, can be parameterized by
a set of parameters in Θk, and is thus denoted as M(Θk), where the superscript k refers to the
dependence of the model parameters on the current observed regime, r(t) = k. At each forecasting
roll, we estimate Θk using a subset of historical data and obtain raw forecasts from t+ 1 till t+H .
As such, the parameters in Θk are regime-specific and time-varying.
Using a sliding interval of six hours, this rolling mechanism is continued until we exhaust
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the initialization period, resulting in L rolls. Once Phase I is finished, the goal of Phase II is to
estimate the function c using the information attained in Phase I, where (3.4) is solved for each
regime independently in order to estimate the regime-specific parameters Ψk.
Afterwards, we proceed to Phase III, where the same rolling mechanism is performed. Specif-
ically, at the present time t, we estimate Θk and obtain short-term forecasts from t + 1 till t + H .
We then compute the runlength values x(t + h) for h = 1, . . . , H . Using r(t), x(t + h), and
Ψk, we calculate the values of c(x(t + h)|r(t) = k) for h = {1, ..., H} and use the resulting
c(x(t+ h)|r(t) = k) to calibrate the raw forecasts. The window is then slid by six hours. At each
forecasting roll, the last 30-day of data are used to update Ψk by re-solving (3.4), given the newly
revealed observations. As such, similar to Θk, the parameters Ψk are also regime-specific and
time-varying. The cycle is repeated until the forecasts for the remaining 11 months are produced.
Figure 3.7 provides additional details for understanding the implementation procedure.
3.4 Case Study: application to data from an onshore wind farm
We conduct a case study of the CRS method using the wind farm data explained in Section 3.2.
Our interest is to make one-hour ahead to 12-hour ahead wind speed and power forecasts, i.e., H =
12 and h = 1, ..., 12. We note that in the literature, there are no precise thresholds between short,
medium or long-term forecasting, but the convention is that short-term forecasting is concerned
with the prediction for a few hours ahead, a horizon that is critical to subsequent power system
operations such as economic dispatch, electricity market operation, and reserve quantification [66,
82].
3.4.1 Choice ofM
We choose M as a reactive regime-switching model, for which the parameters are regime-
specific, leading to regime-dependent wind speed forecasts. Specifically, we use a Gaussian ran-
dom field (GRF) in a spatio-temporal domain which makes use of information from recent wind
conditions observed at the i-th turbine as well as those from its neighborhood. The model has a
similar form to what was presented in (1.1), where the entries of the covariance matrix Σ are mod-
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eled by a stationary covariance function, denoted by K(u, w), such that u = (u1, u2)T comprises
the longitudinal and latitudinal lags, respectively, and w is the temporal lag.
DefiningK(·, ·) is a key aspect in a GRF since it dictates the spatio-temporal dependence struc-
ture. One particular aspect to consider when defining K(·, ·) is the transport effect of dominant
winds, related to what is known in the geostatistical literature as the spatio-temporal “asymme-
try" [33, 78, 36, 49]. Asymmetry implies that a dominant wind direction causes a discrepancy
between a stronger, along-wind spatio-temporal correlation and a weaker, span-wind correlation.
Recently, it has been shown that spatio-temporal asymmetry in local wind fields exist and is flow
dependent [25]. To account for possible flow dependent asymmetries and following [36] and [25],
we model K(·, ·) as a convex combination of two components: a fully symmetric nonseparable
model, denoted by C1, and an asymmetric model, denoted by C2, as in (3.5).
K(u, w) = σ2
[
(1− λ)C1(u, w) + λC2(u, w)
]
+ η1{||u||=|w|=0}, (3.5)
where || · || is the Euclidean norm, 1{·} is an indicator function, η ≥ 0 is the spatio-temporal nugget
effect, and σ2 > 0 is the spatio-temporal variance. The convex combination coefficient, λ ∈ [0, 1],
assigns the weight given to the asymmetric model C2. For C1, we use the nonseparable model
proposed by [33]:
C1(u, w) =
1− δ
1 + α|w|2
[
exp
(
− c||u||
(1 + α|w|2)β2
)
+
δ
1− δ1{||u||=0}
]
, (3.6)
where 0 ≤ δ < 1. The parameters α, c ≥ 0 determine the inverse of the temporal and spatial
ranges, respectively. The parameter, β ∈ [0, 1], is the non-separability parameter indicating the
strength of interaction between the spatial and temporal components.
The asymmetric model C2 characterizes asymmetry possibly existing in a local wind field.
Conceptually, one way to define an asymmetric spatio-temporal covariance function is through the
following form:
C2(u, w) = EVζ(||u−Vw||), (3.7)
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where V is a random vector in R2 and ζ(·) is a valid spatial covariance function [33, 36].
Appropriate specifications of V and ζ(·) can yield different explicit representations of C2. The
stochastic nature of local wind fields motivate us to use the asymmetric model proposed by [75],
which lets ζ(x) = exp(−x2) and V ∼ N (µ, D
2
), rather than defining V as constant representing a
fixed prevailing flow as suggested by [36]. As such, the model in (3.7) is re-written as in (3.8):
C2(u, w) =
1√|12×2 + w2D| exp [− (u− wµ)T (12×2 + w2D)−1(u− wµ)], (3.8)
where | · | in (3.8) denotes the matrix determinant.
To produce regime-dependent forecasts, we estimate the parameters in (3.5) using only the
spatio-temporal data since the most recent regime change. In other words, conditional on r(t), we
only use training data that pertains to the most recently observed wind regime. By continuously
updating these regime-specific parameters through the rolling mechanism described in Section
3.3.3, we naturally overcome temporal nonstationarity [29, 20, 69], which is expected to exist in
local wind fields due to atmospheric boundary layer effects resulting in turbulence and wake effect
constantly perturbing the wind propagation across the farm. As such, the parameters in (3.5) are
both regime-specific, and time-varying. In practice, we only use temporal lags that are smaller than
or equal to 4 hours for model training, as dictated by the PACFs of Figure 3.1. We also impose a
minimum of 2 time lags in history to ensure a reliable estimation of the parameters in (3.5). With
200 turbines, this truncation gives between 400 = (200× 2) to 800 = (200× 4) data points, which
are sufficient for parameter estimation.
We further account for nonstationarity across space by assuming local stationarity within sub-
regions of the spatial domain [29]. We define three sub-regions of wind turbines based on their
proximity to the three masts, as shown in Figure 1.2. Within each sub-region, we fit the stationary
spatio-temporal model of (3.5) and obtain region-specific model parameters.
Maximum Likelihood Estimation (MLE) is used to estimate all model parameters, and is im-
plemented using the routine nlm in R, except for µ and D, which are specified based on the
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region-specific wind velocity information. For each sub-region, we use the most recent history of
wind speed and direction data as recorded at the mast to compute a time series of two-dimensional
wind velocity vectors. Our estimate for µ = (µ1, µ2)T is the sample average of the longitudinal
and latitudinal wind velocities of the time series vectors, whereas our estimate for D
2
is the sample
covariance matrix. Using the model of (3.5), we can obtain spatio-temporal ordinary kriging-based
predictions.
3.4.2 Practical considerations
Before we present the case study results, we would like to stress a few practical considera-
tions. Regarding the choice of the calibration function c, we have tried various choices including
the exponential function, polynomial function, and log-normal cdf. Our analysis indicates that the
log-normal cdf achieves the best performance, i.e., the lowest mean squared discrepancy between
calibrated forecasts and actual observations, as measured by (3.4). We note, however, that differ-
ences in performance between different calibration functions are not that pronounced, suggesting
that other appropriate selections of c are equally acceptable.
Regarding the identification of wind regimes, we were interested in refining the tentative thresh-
olds of (3.1) to boost the performance of the CRS approach. Using the first month of data, we tried
112 different combinations of regime thresholds, chosen as follows: we vary rv1 from Vci to Vci+1.5
with increments of 0.5 m/s, rv2 from Vin−1.5 to Vin with increments of 0.5 m/s, rd2 from 180◦−45◦
to 180◦ + 45◦ with 15◦ increment, and set rd1 = 360
◦ − rd2 . Our analysis indicates that, in terms of
calibration performance as measured by (3.4), the best regime thresholds are at {0, 4.5, 9.0, 20.0}
m/s for wind speed, and {45◦, 225◦} for wind direction, resulting in R = 6 regimes.
Figure 3.8 illustrates the estimated calibration functions for the six regimes. It appears that the
wind speed variable is the main determinant of the calibration sign and magnitude. For instance, the
first two regimes (top row), which share the same wind speed profile (low wind speeds), both transit
to regimes with higher wind speeds. Same finding applies to regimes with moderate wind speeds
(regimes 3 and 4), and regimes with high wind speeds (regimes 5 and 6). The wind direction,
however, appears to have a secondary, yet still important effect on the magnitude of the calibration.
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For instance, it appears that the magnitude of change is larger in regime 2 (westerly) than in regime
1 (easterly), and larger in regime 4 (westerly) than in regime 3 (easterly). The opposite happens
in regimes 5 (easterly) and 6 (westerly). The switching behavior difference between gradual shifts
like in regimes 1, 2, 3, and 6 and abrupt shifts like in regimes 4 and 5 also implies certain degree
of interaction between the two factors. As mentioned in Section 3.3.3, we allow these functions to
change with time by continuously re-estimating Ψk at every roll in Phase III.
With respect to the implementation of the CRS approach in Phase III, we decide to impose
bounds on the forecast calibration to avoid over-calibrating the forecasts when extrapolating. Our
experiments indicate that bounding the calibration quantities in the range [−3, 3] m/s yielded sat-
isfactory performance. Our analysis also suggests that, on average, calibrating forecasts does not
offer much benefit in the very short-term horizons, so we decide to only calibrate the forecasts
for more than two hours ahead forecasting, which means that CRS reduces to the model M for
h = 1, 2.
3.4.3 Forecasting results
The rolling mechanism described in Section 3.3.3 is implemented on the remaining 11-month
data, resulting in a total of 200 turbines × 12 hours × 1, 339 rolls = 3, 213, 600 forecasts. Using
this massive test set, we compare the performance of the CRS method to the following approaches:
asymmetric model (ASYM), separable model (SEP), persistence forecast (PER), regime-switching
autoregressive model (RSAR), Markov-switch autoregressive model (MSAR) and Markov-switch
vector autoregressive model (MSVAR).
ASYM is in fact the reactive regime-switching base model,M, used in the CRS approach, with
its covariance function as specified in (3.5). Similar to ASYM is SEP, except that for that model,
we set β = λ = 0 in (3.5) and freely estimate the rest of the parameters, yielding a separable
spatio-temporal model. The persistence model is commonly used as a benchmark in forecasting
studies and assumes that the current wind speeds will persist for the entire forecasting horizon.
RSAR is a reactive regime-switching approach, where the model parameters are dependent
on r(t), and r(t) is assumed to persist in the forecast horizon. The autoregressive models used
67
0 10 20 30 40
−
5
0
5
10
Regime 1: Low speeds, Easterly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
0 10 20 30 40
−
5
0
5
10
Regime 2: Low speeds: Westerly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
0 10 20 30 40
−
5
0
5
10
Regime 3: Moderate speeds, Easterly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
0 10 20 30 40
−
5
0
5
10
Regime 4: Moderate speeds, Westerly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
0 10 20 30 40
−
5
0
5
10
Regime 5: High speeds, Easterly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
0 10 20 30 40
−
5
0
5
10
Regime 6: High speeds, Westerly winds
Runlength (Hours)
Ca
lib
ra
tio
n 
(m
/s)
Figure 3.8: Estimated calibration functions using Phase I data for the six regimes.
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in RSAR are low-order autoregressive models like AR(1). Low-order AR models are common
choices in the wind forecasting literature [43, 69]. To produce turbine-specific forecasts, we fit an
RSAR model for each turbine.
For the MSAR model, we use Phase I data to estimate a transition probability matrix, ΠR×R, of
which each entry is pikk′ = Pr(r(t + 1) = k′|r(t) = k). Then, we fit six AR(1) models using the
historical data classified to each regime. The final forecast at t+hwill be the convex combination of
the forecasts from the six models, where the combination coefficients correspond to the probability
of reaching each regime at t + h, that is: Yˆi(t + h) =
∑R
k=1 Yˆ
k
i (t + h)Pr(r(t + h) = k), where
Yˆ ki (t+ h) is the forecast at the i-th turbine at t+ h obtained by fitting an AR(1) model to the data
belonging to regime k, and Pr(r(t + h) = k), k = 1, ..., R, denotes the probability of reaching
regime k at t + h. At each forecasting roll, the transition matrix is re-estimated using the newly
revealed observations.
Generalizing on MSAR is the MSVAR model which further accounts for the spatial depen-
dence. Attempting to use all 200 turbines in a VAR model would require the estimation of a large
number of parameters. Therefore, we follow an approach similar to [69], where for each turbine,
we fit six VAR(1) models corresponding to each regime using the historical observations from the
turbine itself and its nearest five neighbors, and obtain a final weighted prediction. We tested in-
creasing the informative neighborhood up to ten turbines and the change in prediction performance
was almost negligible.
We compare all the aforementioned competing models in both wind speed and power domains.
For wind power forecasting, we first make a wind speed forecast and then convert it to the corre-
sponding wind power forecast using the turbine-specific power curve. Figure 3.9 shows, at one of
the randomly selected turbines, the 6-hour ahead (i.e., one sliding interval) forecasts of wind speed
and power, made by using CRS, versus the actual observations for five days starting on November
23, 2010.
We evaluate the overall forecast accuracy over all testing instances using the Mean Absolute
Error (MAE), as expressed in (1.11). We note that MAE as a loss measure suggests the use of the
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Figure 3.9: Top panel: 6-hour ahead forecasts of wind speeds at the chosen turbine for five days
starting on November 23, 2010. Point forecasts shown by the solid red line, along with±1 standard
deviation as the dashed blue lines. Actual observations shown as black circles. Similarly, the
bottom panel shows the corresponding power forecasts and the actual observations.
medians of the predictive distributions as optimal point forecasts [34]. Since the mean and median
coincide under a Gaussian predictive distribution, the point forecasts used in (1.11) for ASYM and
CRS are the raw and calibrated kriging-based predictions, respectively. Similarly, RSAR, MSAR
and MSVAR are all based on Gaussian (vector) autoregressive models, and as such, the means of
the resulting predictive distributions (in case of RSAR), or the convex combination of the means
(in case of MSAR and MSVAR), are used as the point forecasts in (1.11). The resulting MAE
values computed using the 11-month of testing data are presented in Table 3.1.
In addition to MAE, we also evaluate the wind power forecasts using the PCE loss measure
introduced in (1.12). Under the loss function of (1.12), it has been shown that the g-th quantile of
the predictive distribution is an optimal point forecast [35]. For ASYM, SEP, CRS and RSAR, the
g-th quantile is directly computed from the resulting Gaussian predictive distribution and is used as
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Table 3.1: MAE for wind speed and power forecasting for h-hour ahead, h = 1, 2, . . . , 12. Bold-
faced values indicate best performance.
MAE for wind speed forecasts issued at h = 1, 2, . . . , 12
Method 1 2 3 4 5 6 7 8 9 10 11 12
ASYM 1.12 1.45 1.72 1.96 2.15 2.27 2.39 2.51 2.68 2.77 2.83 2.87
SEP 1.15 1.47 1.74 1.97 2.15 2.27 2.40 2.52 2.68 2.77 2.84 2.87
PER 1.11 1.46 1.73 1.97 2.16 2.31 2.44 2.57 2.74 2.84 2.92 2.96
RSAR 1.16 1.53 1.79 2.03 2.21 2.36 2.46 2.56 2.73 2.82 2.89 2.93
MSAR 1.23 1.64 1.92 2.14 2.28 2.38 2.45 2.48 2.54 2.59 2.62 2.63
MSVAR 1.21 1.60 1.87 2.09 2.23 2.33 2.40 2.45 2.52 2.57 2.60 2.61
CRS 1.12 1.45 1.71 1.89 2.06 2.15 2.25 2.29 2.37 2.44 2.52 2.56
MAE for wind power forecasts issued at h = 1, 2, . . . , 12
Method 1 2 3 4 5 6 7 8 9 10 11 12
ASYM .121 .156 .184 .212 .227 .236 .247 .261 .280 .291 .294 .296
SEP .123 .158 .185 .212 .227 .236 .247 .261 .280 .292 .295 .296
PER .125 .161 .189 .215 .230 .241 .253 .268 .286 .299 .303 .304
RSAR .129 .169 .199 .226 .241 .253 .264 .278 .297 .309 .314 .314
MSAR .132 .171 .200 .220 .233 .242 .249 .258 .263 .267 .268 .269
MSVAR .131 .170 .198 .217 .228 .238 .245 .256 .262 .266 .267 .267
CRS .121 .156 .186 .207 .220 .229 .239 .244 .254 .263 .268 .271
the input point forecast to the PCE loss function in (1.12). For MSAR and MSVAR, however, the
predictive distribution is a mixture of Gaussians, for which the quantiles do not have closed form
expressions. Therefore, we numerically compute the g-th quantile of the predictive distribution and
use it as a point forecast for the PCE loss function in (1.12). In Table 3.2, we present the average
PCE values across all horizons for values of g ranging between 0.5 and 0.8 with 0.1 increment, as
well as g = 0.73, which is the value suggested in [67]. We stress that when computing MAE in
(1.11) and PCE in (1.12) for the CRS approach, Yˆi(t+ h) is the calibrated forecast, i.e. Y˜i(t+ h).
Table 3.1 demonstrates that the CRS approach outperforms the competing models in terms of
wind speed forecasting for h > 1. We believe that this is mainly the result of better capturing
the out-of-sample variations in the wind speed variable using c(x(t+ h)|r(t)). Additional benefits
over temporal-only and separable spatio-temporal models come from the incorporation of com-
prehensive spatio-temporal correlations and flow dependent asymmetries. For the very short-term
horizon, h = 1, PER offers the best performance, with CRS slightly behind, but still enjoying a
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Figure 3.10: Percentage improvements in MAE of CRS over competing approaches in wind speed.
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Figure 3.11: Percentage improvements in MAE of CRS over competing approaches in wind power.
competitive performance.
Figure 3.10 presents the percentage improvements, in terms of MAE of wind speed forecast,
that CRS achieves over the competing models at different forecast horizons. The percentage im-
provement over reactive methods such as ASYM, SEP, RSAR and PER is more substantial as the
look-ahead horizon increases. This does not come as a surprise since the farther the look-ahead
horizon is, the more likely a change to take place in wind speed, and hence, the benefit of capturing
the out-of-sample variations by means of the runlength variable becomes more appreciated.
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The trend of the improvement of CRS over the Markov-switching approaches, i.e., MSAR and
MSVAR, is opposite. For short-term horizons, the performance of CRS is remarkably better than
the MS approaches. As the look-ahead horizon increases, the advantage of CRS over MS models
reaches a peak around h = 4 hours, and after that, the performance of the MS approaches gradually
catches up with that of CRS. This trend suggests that CRS anticipates out-of-sample wind speed
variations in the early portion of the forecast horizon better than the MS approaches. We believe
that this is rooted in the mechanisms each approach relies on: CRS uses the runlength, whereas
MSAR and MSVAR use the transition probabilities.
The analysis presented in Figure 3.12 helps explain the advantage of CRS over MSVAR. We
evaluate how each method (CRS versus MSVAR) handles out-of-sample variations in wind speed.
We define an out-of-sample change in wind speed as crossing a wind speed regime threshold set at
either 4.5 or 9.0 in the forecast horizon. For a given h between 3-hour ahead and 12-hour ahead,
if both the actual observation Yi(t + h) and its corresponding forecast Yˆi(t + h) cross the same
speed threshold, we label that as a true positive; while on the other hand, when neither Yi(t + h)
nor Yˆi(t+ h) crosses any speed threshold, we label it as a true negative. In the left panel of Figure
3.12, we plot the true positive rate (TPR) of CRS versus MSVAR for h = 3, 4, . . . , 12. Similarly,
the right panel of Figure 3.12 plots the true negative rate (TNR). This analysis is performed on all
1, 339 forecasting rolls in the 11 months of test data and provides an empirical estimation of the
TPR and TNR. Apparently, CRS does better than MSVAR in terms of both measures in the middle
range of the forecast horizon, between 4-hour ahead and 10-hour ahead. This is consistent with
the difference between the two methods observed in Figure 3.10. In terms of the true positive rate,
which is the proportion of correct anticipation of a change, CRS performs better than MSVAR for
smaller h’s, while MSVAR is more conservative in signaling changes under those circumstances,
suggesting that the use of runlength offers a higher degree of change anticipation in the shorter
horizons.
Similar findings can be extended to the power forecasting results in Table 3.1; the CRS ap-
proach outperforms the competing models for power prediction for most forecasting horizons. Its
73
4 6 8 10 12
0.
40
0.
50
0.
60
0.
70
Horizon (hour)
TP
R
CRS
MSVAR
4 6 8 10 12
0.
40
0.
50
0.
60
0.
70
Horizon (hour)
TN
R
CRS
MSVAR
Figure 3.12: Left panel: the true positive rate (TPR). Right panel: the true negative rate (TNR).
Comparisons are between CRS (blue triangles) and MSVAR (red circles) for h = 3, ..., 12.
improvement over the reactive methods is higher as the look-ahead horizon increases, whereas its
improvement over the MS approaches is better in the shorter forecast horizons. In the case of wind
power forecast, the performance of MS approaches in the end surpass that of CRS at h = 11. The
percentage improvements shown in Figure 3.11 are somewhat different from their counterparts in
Figure 3.10; the difference is mainly due to the nonlinear speed-to-power conversion.
In Table 3.2, it appears that the improvement of CRS over the competing models is also real-
izable in terms of PCE. The CRS approach performs well compared to the competing approaches,
especially when the under-estimation is penalized more severely than over-estimation (namely
g > 0.5), which describes the more realistic cost trade-off in power systems.
The improvements presented above are indeed significant from a practical point of view. With
sometimes double digit percentage improvements in wind speed forecasts, using the proposed
method can lead to major benefits in a wide set of operational analytics on the wind farm such as
predictive turbine control, power estimation and economic dispatch, among others.
It is still important, however, to test if these improvements are significant from a statistical point
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Table 3.2: Average PCE values across all horizons. Bold-faced values indicate best performance.
* corresponds to the value suggested in [67].
Method g = 0.5 g = 0.6 g = 0.7 g = 0.73∗ g = 0.8
ASYM .116 .117 .114 .111 .104
SEP .116 .118 .114 .112 .105
PER .118 .121 .124 .125 .127
RSAR .123 .123 .120 .117 .110
MSAR .113 .123 .127 .124 .126
MSVAR .112 .118 .122 .118 .119
CRS .109 .110 .107 .105 .097
of view. Similar to [40], we implement the large sample test first introduced by [21] for comparing
the forecasting accuracy of two models at a specific forecasting horizon. For h = 1, . . . , 12, and
i = 1, . . . , 200, we implement a one-sided version of the test, corresponding to a sample size of
1, 339 forecasts per turbine per horizon. Figure 3.13 shows the boxplots of the 200 p-values of the
pairwise comparisons for the CRS approach against the competing models at each horizon. Again,
the improvements from the CRS approach are mostly significant against the reactive methods in
larger forecast horizons (h > 3), while the difference between the MS approaches and CRS is
significant at the small and moderate time lags. Recall that CRS adds the forecast calibration only
when h ≥ 3, which means that CRS is the same as ASYM for h = 1 and h = 2. For this reason,
the first two p-values, corresponding to h = 1 and h = 2 in the top-left panel of Figure 3.13, are
supposed to be one; these p-values are trivial and thus not shown.
3.4.4 Adaptation to and impact on probabilistic forecasting
Probabilistic forecasting stems from the importance of characterizing distributions associated
with point forecasts to subsequent optimal decision makings [66, 37]. While our discussion so far
primarily focuses on the h-hour ahead point forecasting, the resulting method can be placed in the
framework of a probabilistic forecasting because the essence of the CRS approach is to make an
adjustment to the mean prediction of a statistical model that can be used for making probabilistic
forecasts.
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Figure 3.13: Boxplots of p-values generated from conducting the one-sided test of [21] to compare
the turbine-specific CRS forecasts against those from the competing models at different horizons.
76
To elaborate, our choice ofM is ASYM, which is one type of Gaussian random field model,
for which the point forecast is the mean of a predictive normal distribution. In other instances, the
point forecast can be the mean of a truncated normal distribution [38, 69]. In all cases, the CRS
approach inherits the inherent uncertainty from M, but offers an enhancement to reduce bias in
the point forecasting. In other words, having started with a probabilistic forecasting using the base
model, CRS aims at reducing the bias of the original forecasting without affecting its predictive
variance.
To illustrate this point, we show in Figure 3.14 the forecast at one of the turbines from an
arbitrarily selected forecasting roll. In the left panel, it shows that the calibrated forecasts are able
to pick up an out-of-sample change in wind speed, in contrast to the reactive ASYM model, which
fails to do so, as it solely relies on extrapolating the observed in-sample wind regime. The right
panel depicts the predictive distributions associated with the point forecasts of CRS and ASYM
at h = 4. The benefit of the CRS approach is to correct the inherent bias in the forecasts of the
reactive ASYM model by shifting the mean of the resulting distribution towards the true value,
while preserving the variance of the original model.
To summarize, the CRS method is a bias correction approach, rather than a variance reduction
endeavor. The uncertainty in the resulting forecasts depends largely on the selection ofM. Since
the CRS approach is generic to different selections ofM, the decision-maker then has the luxury
to select or tuneM accordingly to achieve a bias-variance trade-off as dictated by the application
under study.
A standard evaluation measure in probabilistic forecasting is the continuous ranked probability
score (CRPS). In Table 3.3, we compare the calibrated forecasts (CRS) versus the uncalibrated,
reactive forecasts (ASYM) in terms of CRPS using the 11-month worth of test data. Note that the
essential difference between CRS and ASYM is the calibration part. For all h ≥ 3 cases, CRS
outperforms ASYM, as much as 13.6% for some h’s. This comparison empirically supports the
benefit of bias reduction rendered by CRS and highlights the impact of CRS under a probabilistic
forecasting framework.
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Figure 3.14: Left panel: CRS versus ASYM predictions for one turbine from an arbitrarily selected
forecasting roll. Calibrated predictions shown without imposing the bounds discussed in Section
3.4.2. Right panel: Predictive distributions for the point forecast at h = 4. Absolute errors of point
predictions at h = 4 are, respectively, 0.20 and 1.33 for CRS and ASYM.
Table 3.3: CRPS values of wind speed prediction for h-hour ahead, h = 3, . . . , 12. Bold-faced
values indicate best performance.
Method 3 4 5 6 7 8 9 10 11 12
ASYM 1.34 1.55 1.71 1.82 1.94 2.05 2.20 2.28 2.35 2.38
CRS 1.32 1.47 1.62 1.70 1.79 1.83 1.91 1.97 2.05 2.08
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3.5 Conclusion
We have proposed the calibrated regime-switching method for short-term wind forecasting.
The essence of the CRS approach is to calibrate raw forecasts from a reactive regime-switching
statistical model to capture the out-of-sample variations in the wind speed variable taking place in
the forecast horizon. Extensive testing using one year, 200-turbine wind farm data suggests that
the CRS approach can offer substantial benefit that enhances the forecast accuracy over a wide
spectrum of existing methods in both wind speed and wind power domains.
One important message conveyed in this research is that an improvement in change anticipation
can lead to appreciable improvements in forecasting quality. The CRS approach is an important
step towards steering the focus of the literature and practice from the reactive “regime detection”
models towards the next-generation proactive “regime anticipation” models. A fully proactive
regime-switching model would of course not confine itself to solely calibrating reactive regime-
switching forecasts, but would, instead, address the more general and challenging problem of
predicting directly the out-of-sample wind regimes, thus naturally producing predictions that are
adjusted to future regime changes. Albeit not fully proactive yet, we hope that the CRS approach
paves one of the pathways and makes a solid step forward towards attaining that goal.
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4. SUMMARY AND CONCLUSIONS
In this Section, the overall contributions of this dissertation are summarized. Potential future
extensions beyond the scope of this dissertation are also outlined.
4.1 Summary
The overarching theme of this dissertation is to develop a set of useful analytics, statistical
models and tools tailored for wind energy applications. Guided by the physics of wind, two sets
of physics-informed statistical models and analytics are proposed to capture salient physical prop-
erties of wind fields, namely: stochasticity, spatial and temporal dependencies, transport effect
of wind, and regime-switching dynamics. These methods are used to make short-term, turbine-
specific forecasts of the wind speed and wind power. The forecasts are evaluated using common
performance metrics in the wind forecasting literature against a wide set of existing approaches.
The value of these spatio-temporal forecasts stems from their importance for several operational
decision-making problems at the turbine, farm, and grid levels, as outlined in Section 1.
At the heart of all of these methods, the wind field on a farm is modeled as a stochastic spatio-
temporal process. Two physical features unique to local wind fields are central to the analytics
and models proposed in this dissertation—the transport effect of wind and the regime-switching
dynamics, which are addressed in Sections 2 and 3 of this dissertation, respectively.
The transport effect refers to a physical property unique to wind and other environmental pro-
cesses in which the process under study has a prevailing flow over time in a certain dominant
direction. In Section 2 of this dissertation, a statistical tool, called “the spatio-temporal lens,” is
proposed to unearth the influence of this physical property on the generation of complex spatio-
temporal correlations, interactions and patterns. The implementation of this statistical tool on a
yearlong operational wind farm data suggests that the assumptions of separability and symmetry,
commonly adopted in the literature, have to be avoided when modeling local wind fields. In other
words, strong signs of nonseparability and asymmetry have been detected in the wind farm data,
80
specifically attributed to the transport effect of wind. Motivated by these findings, a physically
justifiable nonseparable asymmetric model is proposed, which takes into account the transport ef-
fect of wind by characterizing the spatial and temporal dependence of local wind fields in tandem,
rather than separately as traditionally performed in the literature. The model demonstrated promis-
ing improvements in predictive accuracy relative to a set of existing wind forecasting approaches.
Section 3 addresses another physical feature of wind fields: regime-switching dynamics, which
refer to the fast-changing variations of the wind characteristics over a spectrum of physical states or
regimes. The ability to account for these fast-changing variations are of critical importance to wind
farm and power grid operators, as these variations in the wind characteristics often correspond to
severe ramps in the associated power generation levels. These sudden ramps represent a serious
difficulty to wind farm practitioners and power system operators in their operational activities such
as determining hourly market participation, dispatch, balancing and reserve quantification.
In light of that, an advanced statistical model called “the calibrated regime-switching (CRS)
model” is proposed. The model is intended to take into account in- and out-of-sample changes in
the wind behavior. The essence of the proposed model is to introduce an action of calibration to a
base spatio-temporal model to assist in anticipating potential out-of-sample changes. The calibra-
tion is modeled as a parametric function of two indicators that are shown to be able predictors of
out-of-sample variations: the observed wind regime at the time of forecast, as well as the runlength,
which is the time elapsed since the most recent regime change.
In Section 3, the CRS model is tested, in a rolling forward forecasting fashion, on a massive
validation set of more than 3, 000, 000 data instances, corresponding to 11 months of data. The
proposed model is shown to offer double-digit, statistically significant improvements in wind speed
and power forecasting relative to 6 existing approaches, ranging between time-series, to spatio-
temporal, to regime-switching models. The adoption of the model in a probabilistic forecasting
framework is also discussed.
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4.2 Future work
Wind is a complex physical process, and up till now, the research is ongoing to understand the
complex physical properties of wind at a multitude of spatial and temporal scales. In this disserta-
tion, we have sought a balance between a purely data-driven, “Blackbox”, approach on one hand,
and a purely physics-based approach on the other. By developing statistical, yet physics-guided
models, substantial improvements over purely data-driven approaches have been demonstrated.
Two closely related questions remain to be addressed: (i) How can the models developed in
this dissertation complement the existing physics-based approaches?, (ii) How to incorporate ad-
ditional physical features in our models? An answer to the first question would yield an important
insight to the research community, as well as the wind industry, regarding the situations in which
statistical models outperform physics-based models, and vice-versa, and when a combination of
both approaches would be desirable. This issue, as outlined in Section 1 of this dissertation, is
not yet settled in the literature, despite the general consensus that statistical approaches are often
favorable at finer spatial and temporal resolutions then their physics-based counterparts.
For the latter question, a combination of expertise in atmospheric sciences, together with in-
depth knowledge of statistical modeling, is required to unravel intrinsic relationships between dif-
ferent environmental variables. A better understanding of the effect of such environmental vari-
ables can enrich our ability to develop models that can leverage the rich measurements about
related environmental processes to benefit the forecasts about the wind speed and wind power. The
adoption of a multivariate statistical framework, which not only characterizes the within-process
dependencies, but also the cross-process correlations and interactions, may play a critical role in
predicting the wind resource at a multitude of spatial and temporal scales.
There are also some specific future directions related to the CRS approach which include, but
are not limited to, looking into nonparametric modeling of the calibration function, using different
indicators to inform the calibration action, and reducing both bias and variance in a probabilis-
tic forecasting framework. Varying the calibration function over space, in addition to time, as
mentioned in Section 3.3.2, is also a matter of promising future research.
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Finally, it is worth noting that a lot of the ideas proposed in this dissertation can be exported—
with necessary domain-specific adaptations—to other areas of application. For instance, applica-
tions in which an environmental dynamic process is involved, like water quality prediction, solar
forecasting and others, can benefit from the ideas and methods proposed in this dissertation.
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